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ABSTRACT 

Simulation investigations form a vital part of networking research, and have long been 
used by the research community interested in mobile ad hoc networks (MANETs) to 
design protocols and to evaluate quality of service mechanisms. Many MANET 
simulators developed so far model the network with high granularity in order to ensure the 
accuracy of the simulation results. But those tools are often too computationally 
expensive to simulate large-scale MANETs. Despite increasing computational power, e.g. 
through parallel and distributed simulation techniques, the methodological challenge of 
network modeling and simulation has led to developing interest in more efficient and 
intelligent use of modeling techniques, e.g. accelerated simulator. 

This Thesis develops new methods for supporting large-scale simulations of MANETs. 
The novelty lies in broadening the two simulation acceleration methods: model 
abstraction, and hybrid simulation as applied to MANET simulation. At the same time the 
methodological challenges of validation through both analytical and experimental 
approaches are addressed. This Thesis introduces a multi-resolution modeling framework 
and a whole range of abstracted models for MANET simulations to deal with the 
requirements of different levels of simulation accuracy and efficiency. The proposed 
models were implemented in SSIM, a session-level MANET simulator developed as part 
of the research reported in this Thesis. Experiments were carried out using both SSIM and 
the NS-2’s MONARCH extension. Furthermore, the discrepancy caused by model 
abstraction is systematically studied through analytical and experimental approaches. In 
particular, guidelines are developed for managing the trade-off between of the simulation 
accuracy and speedup. The experimental results show that the accelerated simulation 
solution proposed in this Thesis achieves significant acceleration by reducing the number 
of events, and the wall-clock simulation time, while retaining excellent accuracy. 
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Chapter 1  

Introduction 
 

 

1.1. Introduction to Mobile Ad Hoc Networks 

During the last decade, and especially at the end, the interest in wireless networks has 
grown rapidly probably because of the fast growing Internet. Today there are two 
categories of wireless networks based on the difference in how the mobile hosts are 
structured. The first kind, which is also the most widely used today, is a wireless network 
built on-top of a wired network which creates a reliable infrastructure that integrates both 
wireless and wired networks. In this infrastructure, gateway nodes, or so called 
base-stations, provide the functions of bridging between a wireless node and wired 
backbone transportation network. An example of this is the cellular-phone networks 
where a phone connects to the base-station with the best signal quality. When the phone 
moves out of range of a base-station it does a “hand-off” and switches to a new base 
station within reach. Other more recent networks of this kind are Wireless Local Area 
Networks (WLANs) which most commonly operate in offices, cafés and airports etc.  

The other kind of wireless network is commonly called an ad hoc network which does 
not have a fixed infrastructure and the network is organized dynamically by all the 
participating nodes. In an ad hoc network, each node is both an ordinary host and a router 
to relay the data of other nodes in the network that want to reach nodes beyond their own 
transmission range. When the node is mobile, such a network is called a MANET (mobile 
ad hoc network). A MANET is especially useful in situations when to establish a network 
infrastructure is uneconomical or impractical, e.g. the traffic demand and forecasted 
revenue is too low, or the traffic demand only exists for a short term, or the physical 
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environment is too hostile. A MANET has a great variety of applications. For example, it 
can be deployed as complementary to infrastructure based networks in such scenarios as 
campus network, enterprise networks and home networks, etc. It can also be used in 
unique scenarios where the traditional wired networks no long fit in, such as sensor 
networks, emergency response networks and vehicle networks, etc.  

1.2. Why Simulation 

The great variety of MANET applications have created many challenging research issues, 
such as routing, quality of service (QoS), security, interconnection with Internet and 
resource management, etc. A substantial amount of research has been reported in the 
literature (Perkins, 2001; Dow, 2005). In principle, there are three research methodologies 
that enable the researcher to study MANET performance: formal analysis, measurement 
and simulation.  

Formal analysis, based on mathematical constructs, is one of the basic techniques used 
in MANET research, e.g. in network capacity studies (Gupta, 2000) and in mobility 
model studies (Bettstetter, 2004). Although mathematical analysis is an ideal way to 
achieve a fundamental understanding of the system behaviours, a network like a MANET 
is too complex to be within its reach. On the other hand, for the sake of tractability, formal 
analysis often relies on certain assumptions which may be not realistic.  

Measurement techniques directly monitor network state and are able to provide an 
accurate description of the network dynamics, such as the time-variation of traffic 
intensity, mobility pattern, queueing delays, and packet loss rates. However, tracing real 
data at fine time scales on high speed and highly dynamic MANET imposes heavy 
burdens on both processing and storage. Moreover, high quality trace data is difficult to 
obtain due to the lack of large-scale commercial MANET implementations. Building real 
experimental test-beds (Zhang, 2002) offers the opportunity to capture the realism with 
relatively less cost, but a test-bed can hardly be equivalent to real networks in terms of 
scale and complexity. To build a large real test-bed requires a significant amount of 
investment on hardware and software equipments. Finally, measurement based 
experiments suffer poor repeatability.  

Compared to formal analytical methods and measurement, simulation stands out as an 
important and promising alternative solution which provides the thoroughness of 
analytical solutions and the accuracy of measurement. Simulation is easy to setup in a 
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laboratorial environment and is comparatively cheaper than measurement. Since the very 
beginning of the emergence of MANETs, simulation has been playing an important role in 
helping designing new network protocols and gaining deep insights into the dynamic 
characteristics of MANETs. For example, the NS-2’s1 MONARCH extension2 has been 
widely applied in designing new protocols or modifying old protocols. 

1.3. Challenges in Simulations of MANETs 

Simulations of MANETs differ considerably from simulations of wired networks in that 
they have to include modeling of the dynamic geographic environment and radio-based 
channel properties which both have a profound effect on network performance. For 
instance, the topology of a MANET is dynamic and unpredictable, which is in contrary to 
that of a traditional wired network. Hence the routing protocols used in ordinary wired 
networks are not well applicable to a MANET environment.  

The most commonly used discrete-event simulation technique allows modeling routing, 
collision and interference of radio transmission, mobility, and other environmental effects 
in great detail. For example, NS-2 simulates a MANET at the packet level, and each 
transmission of a packet involves calculations of received signal quality to emulate node 
behaviour in the presence of wireless environment and these calculations can dominate 
the simulation. However, such high resolution simulation is computational expensive, 
particularly for modeling and simulation of large-scale networks. For example, it’s 
estimated that simulating a 1000-node scale MANET for a length of 1000 seconds needs 
about 65 hours to finish using NS-2 running on a 1GHz CPU workstation (see Chapter 4). 
Moreover, statistical output analysis often requires a long simulation run or several 
independent simulation runs to ensure the confidence in the accuracy of the simulation 
results. In fact, fast simulation of MANETs of hundreds or thousands of nodes has been 
and will remain a challenging research topic. Despite the computational power and 
memory space becoming cheaper rapidly, it remains impractical to simulate large-scale 
scenarios over an acceptable period of time. This is especially the case in the phase of 
designing new services or network prototypes, when a large number of scenarios must be 
tested with limited resources.  

                                                      
1 NS-2 is the 2nd version of network simulator. It is an open source network simulator developed 
and maintained by the collaborated project VINT by UC Berkley, USC/ISI, and Xerox PARC. 
2 See http://www.monarch.cs.rice.edu/cmu-ns.html. 
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1.4. Motivation 

This research is mainly motivated by the growing importance of simulation for MANET 
studies and the challenges faced in providing a scalable, flexible, and easy to use 
simulation solution to MANET research. The motivation application of this research is 
the on going EPSRC project “Whole System Modelling of Large-Scale Communication 
Networks for What-If Evaluation” at the Electronic Engineering Department in Queen 
Mary University of London, which is aiming to develop new methods for supporting 
large-scale network simulation and emulation capability.  

1.5. Objectives and Contributions 

The primary aim of this research is to improve the performance of MANET simulation 
through model abstraction techniques, which are a very important class of techniques 
focusing on optimizing the modeling process. According to (Zeigler, 2000), model 
abstraction refers to: 

“… reduce its (the model’s) complexity while preserving its validity in an 
experimental frame”.  

In the literature, abstraction techniques have been widely applied on modeling and 
simulation of communication network systems (see a review in Chapter 2). However, the 
existing model abstraction approaches focus only on certain individual models, such as 
the media access control model or traffic model. There lacks a clear definition of the 
context where these techniques should be used, and a systematic study on the 
relationships between the error and speedup caused by applying the model abstraction 
techniques.  

In this Thesis, the objective of simulation is explicitly confined in session-level traffic 
simulation where traffic is represented as flows and individual packets are not explicitly 
simulated. In this context, a number of model abstraction techniques, such as fluid traffic 
modeling and centralized computing techniques, are proposed and implemented in SSIM, 
a MANET simulator developed as part of this research. Compared to NS-2, SSIM greatly 
improves the simulation in terms of the number of events and the run time. Moreover, a 
multi-level resolution simulation approach is proposed to meet different requirements of 
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the simulation speed and granularity. In this approach, the network traffic is modeled at 
different abstraction levels based on the time-stepped technique, which provides the 
flexibility of trading off the simulation granularity with speed by adjusting the length of 
the time-step.  

It’s worth noting that model abstraction techniques offer the possibility of accelerating 
simulation of large, complex systems. However, it comes at a price. With details removed 
from a simulation model, its validity is not always clear and easy to judge. Therefore, it is 
necessary to quantify the loss of accuracy when an abstracted model is adopted. Therefore, 
validation is the key issue, which is addressed through both experimental and analytical 
methods in this Thesis.  

1.6. Organization of this Thesis 

The reminder of this Thesis is structured as follows.  

Chapter 2 provides background information. It introduces the definition of simulation 
and briefly reviews the commonly used simulation acceleration techniques. It particularly 
introduces the model abstraction techniques. The second part of this chapter summarizes 
the existing approaches to accelerating MANET simulations.  

Chapter 3 proposes the multi-level resolution approach, and introduces the validation 
methodology used in this research. It also presents and discusses the measuring tools of 
the simulation performance, i.e. accuracy and speed, and the two experimental scenarios 
used in the following chapters. 

Chapter 4 starts by defining session-level simulation. Then it introduces the MANET 
simulator, SSIM, and each of the model abstraction techniques used in SSIM is described 
in detail respectively. Finally, the performance of SSIM is compared with NS-2 in terms 
of accuracy and the achieved speedup. 

Chapter 5 introduces a time-stepped fluid-oriented traffic model. The error caused by 
applying this time-stepped method is formally analyzes. This model is compared with the 
event-driven fluid-oriented traffic model. Its system-level effects on the simulation 
accuracy are investigated through experiments. 

Chapter 6 analyzes the effects of the length of the time-step on the simulation speed and 
accuracy. These analytical results are supported by the experimental results. 
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Chapter 7 summarizes the conclusions made in this Thesis and proposes the future 
research.  
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Chapter 2  

Background 
 

 

Simulation is an important tool in the community of networking research. As the 
connectivity of the Internet continues to grow rapidly, simulation has become a more and 
more important way of understanding its operational dynamics and evaluating new 
protocols and techniques proposed to improve its performance, security and robustness. 
Simulation can be defined as an experimental process for obtaining new knowledge of the 
real-world object of interest. The modeling process is crucial in this activity as it largely 
determines the accuracy and efficiency of the final simulation results.  

This chapter introduces the background to simulation, and reviews what is currently 
involved in a simulation study. Most of all, the issue of accelerating simulation is 
discussed in detail. Some commonly used simulation acceleration techniques are 
introduced in this chapter, e.g. variance reduction, hybrid techniques, parallel and 
distributed simulation technique and model abstraction. All these techniques play an 
important role in improving simulation performance. The second part of this chapter 
reviews the simulation techniques specifically used in MANET studies. Some 
household-known simulators are introduced first. The focus is put on the model 
abstraction technique, as it is the main topic of this research.  

The rest of this chapter is organized as follows. Section 2.1 gives a definition of 
simulation and reviews the simulation and modeling techniques. Section 2.2 classifies the 
simulation techniques based on various criteria. Sections 2.3, 2.4, 2.5 and 2.6 introduce 
the general simulation acceleration techniques used in the literature. Section 2.7 reviews 
the state of the art of MANET simulation techniques. Finally, section 2.8 summarizes this 
chapter. 
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2.1. Simulation 

2.1.1. Definition 

Generally speaking, simulation and modeling is the technique of using computers to 
mimic or simulate the operations of various kinds of real-world entities or processes. The 
term system in this Thesis refers to the object of a simulation modeling study and it can be 
defined as: 

Definition 2-1 “A system is defined to be a collection of entities that act and interact 
together toward the accomplishment of some logical end.…the state of a system to be that 
collection of variables necessary to describe a system at a particular time… ” (Law, 
2000). 

In practice, what is meant by the system depends on the objectives of a particular study. 
In the current context, the system refers to a communication system. With this definition 
of a system, it’s possible to define simulation as: 

Definition 2-2 “Simulation is the process of designing a model of a real system and 
conducting experiments with this model for the purpose either of understanding the 
system or of evaluating various strategies (within the limits imposed by a criterion or set 
of criteria) for the operation of the system.” (Shannon, 1975). 

By Definition 2-2, a typical way to study a system by simulation roughly consists of 
two stages: modeling and experiments/simulating.  

In the modeling stage, a simulation project begins by formulating the real-world object 
system under analysis so that the system can be clearly understood. In the next step, 
information concerning the structure and the activities of the system is gathered and then 
used to construct a conceptual model, which is a set of assumptions and algorithms that 
characterize the behaviour of the system through either an analytical or an experimental 
approach; at the same time, the data serving as the input parameters to the model are also 
collected.  

In the second stage, the conceptual model, which is a set of abstract and symbolical 
specifications, is translated and implemented into simulators which are recognizable and 
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executable by computers; then these simulation models are executed on computers 
through the simulators to run experiments; then the simulation results are analyzed and 
the conclusions are documented. New knowledge about the system characteristics of 
interest are obtained through analyzing the simulation output. However, this knowledge 
might be incomplete or even wrong; it is necessary to validate the model with the real 
system to ensure the correctness of the simulation model and results. This process is 
illustrated in Figure 2-1.  

Stage 1 Stage 2

Real World System

Simulation Models
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Output

Knowledge
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Implementation Simulating
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Figure 2-1: Illustration of the modeling and simulation process 

2.1.2. Importance of Simulation Modeling 

Analytical solutions are capable of producing results quickly and accurately when the 
simulated system can form a mathematically well-studied process. However, when 
studying large-scale, complex systems, they often become intractable. Simulation is an 
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important method of obtaining deep insights into the behaviour of a real system, 
especially of these which are too complicated to be solved by analytical solutions. A 
complex network can always be modeled to an arbitrary level of accuracy. This is 
particularly the case when the system has not been implemented and is still in the design 
stage. In this case, simulation is of the economic choice for predicting possible execution 
paths and expose potential design flaws.  

Nevertheless, a simulation approach has drawbacks. Firstly, the level of complexity of 
a model often increases rapidly as the scale of a system increases, and the corresponding 
simulator construction can be extremely laboursome. One way to save the time in 
developing a simulator is to use already available well-developed software packages, e.g. 
MATLAB3, OPNET4 and NS-2 etc. These simulators provide a convenient platform for 
network modeling with plenty of built-in standard components and library functions. 
Secondly, some simulations can be exceedingly expensive in terms of the time it takes to 
perform the experiments and the computational facilities required.  

2.2. Classifications of Simulation Models 

2.2.1. Static vs. Dynamic Simulation Models 

A static simulation model is a representation of a system at a particular time, or such a 
representation that doesn’t vary over time. The elements of the model, such as the 
algorithms and rules, do not change during the execution of the simulation based on the 
model and are therefore constant. The elements of the model may be fixed into the 
simulation implementation, or be read in during the initialization phase of the simulation, 
but remain the same during the entire execution. 

In the contrary, a dynamic simulation model or an adaptive simulation model represents 
a system as it evolves over time. The elements of a model of this type may change their 
properties or attributes during the model execution. One form of simulation based on 
dynamic simulation model is an interactive simulation where users can interfere during 
the runtime.  

                                                      
3 MATLAB is a commercial scientific statistics and simulation package of MathWorks, Inc. 
4 OPNET is a commercial simulation tool with established libraries developed by OPNET 
Technologies, Inc.  
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2.2.2. Deterministic and Stochastic Simulation Models 

A simulation model is deterministic if it does not consist of any probabilistic elements. In 
other words, the model is not described by random variables. The main characteristic of 
this type is that the inputs of the system determine the output as soon as they are fed in to 
the simulator, even though the process might not calculate the results immediately. A 
typical example is a communication system entirely represented by analytical models in 
which appropriate mathematical or logical expressions are used, and the corresponding 
outputs are calculated once the input parameters are given. 

A stochastic simulation model is described by one or more random variables. As the 
output produced by a stochastic simulation is random, statistical methods are often 
necessary to analyze the output data. The network simulations focused on in this research 
belong to the stochastic category as traffic arrival patterns, nodal movement and other 
aspects of the workload are best modeled as probability distributions.  

2.2.3. Continuous and Discrete Simulation Models 

A simulation model is classified as a continuous or as a discrete-event model, based on 
how the state variables in a model are updated throughout the simulation. In a continuous 
simulation model, state changes occur continuously as simulation time elapses; while in a 
discrete model, state changes happen only at discrete time points in a simulation.  

It is worthwhile to distinguish the means of simulation modeling from the properties of 
real-world systems. A continuous system can be modeled by either continuous models or 
discrete-event models; discrete systems such as transaction systems of a financial market 
or transportation systems are not restricted to discrete-event simulation models, i.e. they 
can also be characterized by appropriate continuous simulation models. In (Zeigler, 2000), 
the authors proved that for a continuous model representation, they can always find a 
discrete model representation which has arbitrarily small discrepancy between the two 
kinds of representations.  

2.2.4. Event-Driven, Time-Stepped and Real Time Simulation 

Models 

Simulation models can also be distinguished by how the simulation clock is managed: 
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event-driven simulation (or discrete-event simulation), time-stepped simulation, and real 
time simulation (Banks, 2004). The simulation clock is a vital system variable which is to 
keep track of the path of simulation progress. The actual wall-clock time of a simulation 
and the simulation clock are not necessarily the same or related in the sense that a short 
simulated time for a system may take an extremely long time to run in reality.  

In a discrete simulation model, if there is a variable called event to describe the 
conditions and causes of a system state change, and the simulator only evolves in reaction 
to an event, then such a discrete simulation model is called a discrete event-driven 
simulation model5. In an event-driven simulation, the simulator maintains a list of events 
in non-descending order of the time of occurrence of each event. The list is sometimes 
called the future event list. The event at the head of the list (i.e., the most imminent one) is 
handled first. A simulation component called a scheduler keeps scanning the future event 
list and picks up the first to handle, if there is any; then the scheduler updates the 
simulation state and advances the simulation time to the time of occurrence of the next 
event. Such a process iterates until the event list becomes empty or the simulation time 
exceeds a pre-defined simulation length. Event-driven simulation has been applied in 
simulation of many real systems, such as transportation systems and communication 
networks, because of its ability to handle asynchrony among objects or entities in a system. 
The event-driven simulation model is demonstrated in Figure 2-2, where ei represents the 
instant where an event takes place and the simulation clock is advanced as well as the 
update of the system states. 

With a time-stepped simulation model, simulation time advances periodically by a 
constant simulation time unit, whose length is often fixed. Simulation time moves to the 
next time step only when all the simulation activities associated with the current time step 
have been finished. Time-stepped simulation is particularly useful when simulating 
continuous systems whose dynamics can hardly be characterized by discrete events. 
Figure 2-3 illustrates the concept of time-stepped simulation where ei is the actual time of 
occurrence of an event and the simulation clock is advanced regularly at a fixed interval of 
h.  

                                                      
5 To be short, the term “discrete” will be omitted and the model will be simply called as 
event-driven simulation model in the rest of this Thesis. 
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Figure 2-2: Event-driven simulation model 
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Figure 2-3: Time-stepped simulation model 

The simulation clock in a real time simulation is driven by the wall-clock time, which 
can be the hardware clock of the computer where the simulation is running. Real time 
simulation progresses in synchrony with the wall-clock time, stepping either in exact real 
time or in scaled real time; it is mostly suitable for simulation projects in emulations, 
where simulators interact with real systems. 

2.2.5. Simulation Acceleration Techniques 

Since simulation has been widely used to study the behaviours of complex real systems, it 
is an essential problem to improve simulation performance, especially when the object 
system of interest is very complicated or of large-scale. A variety of techniques have been 
proposed in the literature. Based on the methodologies used, they can be categorized into 
four major types: variance reduction, hybrid techniques, parallel/distributed simulation 
and model abstraction. The following sections will give a brief introduction to these 
techniques and their applications in network simulation.  

2.3. Variance Reduction 

Because the input processes which are fed into a simulator are usually stochastic, it’s 
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necessary to use statistical methods to analyze the output data. A simulation can be seen as 
computerized statistical sampling experiments and therefore the mean of the results 
obtained through a number of simulation repetitions produce estimates of the desired 
measures of system performance. Variance is used to evaluate the precision of the 
estimation. An estimator that produces the same mean but exhibits smaller variance 
suggests better accuracy. Some of the variance reduction techniques are briefly reviewed 
in this section because they are an important part used in the literature of simulation 
studies.  

2.3.1. Terminating Simulation and Steady-State Simulation 

There are two classifications of simulations with regard to output analysis: terminating 
and steady-state (Law, 2000). A terminating simulation requires the presence of an event 
eT or a set of conditions that specifies the length of the simulation. The event eT can be 
defined as the point where this system is cleaned out, or a point where no further useful 
information can be retrieved. The ending event is specified prior to the start of any runs, 
and the occurrence of the event can take place at any time during the simulation. Initial 
conditions usually have profound influences on the measures of interest in terminating 
simulations. The definition of the ending event depends on the objective of the simulation. 
For instance in a simulation testing a new mobility model during the office hours, e.g. 
from 9am to 5pm, the simulation terminates exactly after 8 hours of simulation length and 
the simulation results represent peak hour activities.  

In a steady-state (non-terminating) simulation, the long-run system behaviour is the 
focus. Presumably this steady-state behaviour is independent of the simulation’s initial 
conditions. Therefore, there is not a natural event to specify the length of the simulation 
run. In general, most of the real systems properties cannot be modeled as steady-state 
distributions over time. For example, characteristics of IP networks change rapidly and 
unpredictably along many dimensions, and it is improper to draw a conclusion based on 
the overall behaviour of the networks (Paxson, 1997). However, it is possible to construct 
steady-state models by focusing only on certain parts, or time periods, of the behaviour of 
the real systems, e.g. the traffic pattern during the peak hours of a data network.  

2.3.2. Independent Replications 

For a terminating simulation, in order to obtain independent identical distributed (i.i.d.) 
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results, it is necessary to repeat the simulation a number of times with identical and 
independent initial conditions. The sample variance is an unbiased estimator of variance 
from n random samples, X1, X2, …, Xn, as: 
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where X  is the mean of the sample. Equation (2.1) shows that the sample variance 
decreases linearly with the sample size. Therefore, increases the number of independent 
simulation repetitions is a straightforward means of reducing the variance.  

2.3.3. Initialization Bias 

The initial conditions of a simulation run may have significant effects on the simulation 
results. However, it’s often not known what initial values should be chosen before a 
simulation. Therefore, these values are often chosen arbitrarily or randomly. For example, 
in a simulation of a single queueing system, the initial value of the queue content can have 
a significant but unrecognized impact on the simulation run’s outcome. Thus, the 
initialization bias problem can lead to errors, particularly in steady-state output analysis.  

One of the most popular methods for counteracting the impact of initial conditions is by 
truncating the output before data are retained for analysis, in the hope that the truncated 
data are representative of the steady-state system. However, if the output is truncated too 
early, the significant bias might still exist. If it is truncated too late, then some part of the 
sample is wasted (Goldman, 2000).  

Another common practice is to making a long warm up run to overwhelm the effects of 
initialization bias. This method of bias control is conceptually simple to carry out and may 
yield point estimators having lower mean squared errors than the analogous estimators 
from truncated data (Law, 2000). However, a problem with this approach is that it can be 
wasteful with observations. For some systems, an excessive run length might be 
necessary before the initialization effects can be neglected. 

One way to reduce the number of replications is by the batch means method (Seila, 
1992; Law, 2000; Alexopoulos, 2004). In the batch means method, data from the 
stationary part of the run are grouped into batches and the sample mean is computed for 
each batch. Under some mild technical conditions, it is known that if the batch size is 
large enough, the batch means will be approximately uncorrelated (Law, 2000). If this is 
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the case, the batch means can be treated as a sequence of i.i.d. observations of the sample 
mean and the usual method can be used to compute a confidence interval for the mean. 
With batch mean technique, the wasted observations are reduced because the simulation 
only needs to run once.  

2.3.4. Statistical Methods 

The sampling-based techniques use some statistical properties of the model to reduce the 
variance. There are two major types under this category: variance minimization and rare 
event provoking. 

Variance minimization involves rearranging the simulation setup without changing the 
underlying processes to achieve variance reduction. Commonly known methods include 
Antithetic Variables (AV), Common Random Number (CRN) and Control Variables (CV) 
(Bratley, 1987; Lewis, 1988). The main difficulty in applying these techniques is to gain 
sufficient knowledge of the system behaviour so that appropriate correlated controls can 
be identified, and to predict their corresponding influences.  

In the rare event provoking approach, the occurrence of a particular rare event is 
increased by changing the corresponding statistical properties. Well-known methods 
include Importance Sampling (IS) (Rubinstein, 1981) and RESTART (Villén-Altamirano, 
1991).  

2.4. Hybrid Technique 

The concept of hybrid technique was originally proposed in (Schwetman, 1978) as a 
cost-effective alternative to a certain class of simulation models by combining the 
flexibility of simulation approach and the computational efficiency of the analytical 
approach. Generally speaking, a hybrid simulation method can be any combination of 
methods, e.g. an analytical model plus a simulation model, or two different kinds of 
simulation models. An advantage of a hybrid simulation model is that it can combine the 
best features of all methods. In the case of an analytical model combined with simulation, 
the combined model can be faster because of the use of the analytical model, while still 
being manageable because simulation is used for the intractable aspects. 

The hybrid simulation techniques have been widely studied in the literature. In (Liu, 
2002), a hybrid model was proposed for broadband telecommunication networks. The 
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method divides the simulation into foreground and background traffic. Background traffic 
is present to ensure that proper buffering behaviour is included during the course of the 
simulation experiments, but only the foreground traffic of interest is simulated. The 
authors of (Ma, 2002) proposed a hybrid simulation model for the evaluation of queue 
state and overflow probabilities when buffering multiple ON/OFF sources, where ON and 
OFF periods are Pareto distributed. In (Lu, 2003), a hybrid approach to accelerate 
MANET simulation is proposed. The basic idea is to decompose the simulation model 
into several different scale sub-models. The identical sub-models need to be analyzed or 
simulated only once. The speed-up is partly due to the use of analytic results instead of 
simulations, but mainly due to the reduction of simulation overhead since unnecessary 
repeated simulations of subsystems are avoided. A hybrid approach called time-stepped 
hybrid simulation (TSHS) technique is proposed in (Guo, 2000). TSHS discretizes 
simulation time into small time intervals of equal length. In contrast to time-driven fluid 
simulation in which only fluid rate information is maintained at each time step, TSHS 
keeps not only the fluid rate information but also modified packet-level details. Within a 
time step, packets from the same session within a time step are approximated as evenly 
spaced so that a fluid rate captures its current traffic pattern. The hybrid mechanism 
provided by TSHS improves the simulation performance by exploiting abstract 
fluid-oriented models in the network while still being able to provide packet-level details 
to the end applications.  

2.5. Parallel and Distributed Technique 

The obvious way of speeding up a simulation is to increase the computational power, i.e. 
increase the number of events processed per second. This may be done either by using a 
faster workstation or doing computations in parallel on several processors to increase the 
simulation efficiency. Obviously, the speed-up gains are due to an increase in the number 
of events per time unit. Several simulation systems using parallel and distribution 
techniques have been developed. For example, PADS (Parallel and Distributed 
Simulation) (Fujimoto, 1990) splits the sequential simulation process into parallel 
sub-processes which are distributed on the N processors. PIRS (Parallel Independent 
Replicated Simulation) (Nicol, 1997) makes N independent replications of the sequential 
simulation process and runs each of them on N separate processors. The disadvantages of 
this approach are often rather high expense, and, as shown in (Heegaard, 1997), not 
always sufficiently accurate results.  



 30

2.6. Model Abstraction  

Nowadays the size and complexity of simulation models for communication networks is 
growing more and more rapidly, forcing model developers to face some problems that 
they were not accustomed to. Even with the fact that computational resource is becoming 
more powerful and less expensive every day, it is technically impractical to keep up with 
the pace of the growing demand for including every detail in the simulation model of the 
real system under study. Reasons for pursuing more complex models may be both 
technical and non-technical (Chwif, 2000). Among them, lack of understanding of the real 
system and unclear simulation objectives may be the most important ones. As (Salt, 1993) 
pointed out: 

“Where the overall aim (of the simulation model) is poorly defined, the 
anxious simulationist may draw the bounds of the model too wide, in the 
hope of including whatever it is that the user is really interested in.” 

In many cases, the same simulation objective can be achieved much more efficiently with 
a simplified model as opposed to a complex one. A simple model should be preferred to a 
more complex model as long as they both achieve the objective, because it is much easier 
and cheaper to computerize and validate the simpler model. Hence, given a large, 
complex real system, one approach to address the complexity of the modeling problem is 
to develop a simulation model that contains appropriate level of details so that the 
computation required is minimized but its validity with respect to the simulation objective 
is still ensured. This approach is called model abstraction (Frantz, 1995). 

The philosophy of the abstraction approach is to try to ignore the trivial system 
properties and only put important ones into the model. Here the problem is how to decide 
which parts are important. Such a decision process is subjective to the model developers, 
because the effectiveness and accuracy of model abstraction approach largely depends on 
where the model developers’ intention lies, and how much they understand the system. 
The danger is that some interesting information could be overlooked during the modeling 
process due to developers’ limited knowledge about the system. Hence validation is 
crucial when using abstraction techniques. 
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2.6.1. Level of Model Detail 

An important aspect of the simulation objective is how much, and how deep, is the 
knowledge the simulation users want to derive from simulation, because this is crucial in 
determining the level of detail which the system should be modeled at.  

 

Level Specification Name What we know at this level 

0 Observation frame How to simulate the system with inputs; what 
variables to measure and how to observe them over 
a time base. 

1 I/O Behaviour Time-indexed data collected from a source system; 
consists of input/output pairs. 

2 I/O Function Knowledge of initial state; given an initial state, 
every input produces a unique output 

3 State Transition How sates are affected by inputs; given a state and 
an input what is the state after the input is over; 
what output event is generated by a state. 

4 Coupled Component Components and how they are coupled together; 
the components can be specified at lower levels or 
can even be structure systems themselves – leading 
to hierarchical structure. 

Table 2-1: Recreation of the system specification hierarchy in (Zeigler, 
2000) 

The authors of (Zeigler, 2000) developed a conceptual framework called: level of 
system knowledge, to formulize the modeling process according to its objectives. Their 
works employed System Theory developed by pioneers such as (Klir, 1985) and 
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(Mesarovic, 1975). Table 2-1 is a recreation of the hierarchical framework proposed to be 
used in a modeling process. Each type of system problem solving can correspond to a 
particular level of detail in system knowledge. Apparently, a more complex model can 
represent reality better. 

2.6.2. Classification of Model Abstraction Techniques 

In (Frantz, 1995), the general model abstraction techniques6, based on which components 
in the model are modified, are classified into three categories: boundary modification, 
behaviour modification, and form modification.  

2.6.2.1. Model Boundary Modification 

This approach is based on reducing the state space of the input variables. It is done by 
either delimiting the range of a particular input parameter or minimizing the number of 
input parameters. This approach speeds up the simulation because the simulation cost is 
usually proportional to the degree of the state space of the input variables. The principle is 
to prefer compact models among those that produce equally accurate results. Model 
sensitivity analysis can be used to identify input variables that hardly affect the simulation 
results, and these variables can be eliminated from the simulation model.  

2.6.2.2. Model Behaviour Modification 

In this approach, the states of a simulation model or several models are aggregated, in 
either the space or the time domain. At some time point in a simulation, the system state 
can be decomposed into a vector of state variables. Those variables that are closely 
correlated with each other in certain ways can be aggregated and then replaced with a 
single one in the simplified model. This is particularly useful when the dynamics of each 
state variable before aggregation is of little interest to the simulation users and the 
property of the merged variable after aggregation can be easily defined. Aggregation in 
the time domain is often used to reduce the complexity of simulation models. For example, 
time-stepped simulations of a continuous system vary in their complexity with the length 
of the time steps chosen to advance the virtual simulation time. Actually, the simulation 

                                                      
6 These techniques are not confined to simulations of network and communication systems. 
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state at any time step can be seen as the aggregation of all the system states before the 
simulation time advances to the next time step. Therefore, the larger the length of the 
time-step is, the higher-level abstraction the model provides. On the other hand, temporal 
aggregation can also happen in event-driven simulation. Discrete events may be 
aggregated or clustered into a “super event” when their occurrence times are considerably 
close and they are thus considered to happen simultaneously. 

Typical examples of the behaviour modification techniques include layer aggregation 
techniques used in GloMoSim7 (Bajaj, 1999) and traffic aggregation techniques (Ma, 
2005). In GloMoSim, various layers of the simulator are aggregated into a single entity. 
Each entity encompasses all the layers of a simulation and is implemented as functions 
called by the protocol model developer, who has to provide an initialization function that 
will be called for each layer of each node at the beginning of the simulation. This allows 
the rapid integration of models developed at different layers by different people. The 
traffic aggregation technique is to use one single traffic source to represent the 
superposition of an arbitrary number of independent sources. Therefore, the overall 
state-space is reduced from 2N to just 2: an ON state and an OFF state. The two-state 
process is defined by reference to the resultant traffic pattern of the simulation with 
multiple traffic sources.  

2.6.2.3. Model Form Modification  

The simulation model in this approach is considered as a “black box”, which generates 
simulation results when inputs are fed into it. In contrast to the previous two approaches, 
this one replaces the original simulation model or sub-model with a one which takes a 
different form but is much simpler, and results in the same or a good approximation of 
input-output transformation. For example, the hybrid simulation techniques proposed in 
(Schwetman, 1978; Schormans, 2001) fall into this category, in the sense that some 
simulation sub-models are replaced with analytical models.  

A commonly used technique that adopts this strategy is to generate a lookup table that 
maps from inputs to outputs directly. If the table size is small, this method provides an 
efficient substitute for the original model or sub-model; however, as the latter grows in 

                                                      
7 GloMoSim is a scalable, parallel simulation environment for wireless and wired network systems 
developed by the Parallel Computing Lab at UCLA. It can be obtained from 
http://pcl.cs.ucla.edu/projects/glomosim/.  
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size and complexity, the lookup table can become extremely large. An alternative 
technique is called metamodeling (Caughlin, 1994). It seeks a simpler mathematical 
approximation that statistically approaches the original model or sub-model. Such a 
mathematical model can be inferred from the input/output data observed in real systems 
or deduced from the rules that govern the dynamics of real systems. Once such a 
mathematical model is established, it can be used in simulation to do input-output 
transformations and generate statistically equivalent results as with the original model. 

2.7. MANET Simulation 

In the MANET community, the simulation approach is dominant in fields such as new 
protocol design and performance evaluation because: 

• Comprehensive analytical models of MANETs are mathematically intractable 
(Perrone, 2003). Each individual layer of the protocol stack may be complex enough to 
discourage attempts at mathematical analysis and interactions between layers in the 
protocol stack magnify this complexity even more. 

• To date, there are few real-world applications of MANET outside the military 
environment available for direct measurement. 

As a result, simulation has been the tool of choice to study MANETs in a controllable and 
repeatable environment. So far, much of the knowledge of the performance of MANET 
protocols has been obtained through simulation.  

A few simulators have gradually become household names in the MANET community, 
such as OPNET, NS-2 and GloMoSim. Apart from these, there are other simulators have 
been developed to address specific research interests or to improve the performance of 
these existed simulators, such as SWAN, WiPPET and SSIM which will be introduced in 
Chapter 4. These simulators are briefly introduced in the following subsections. 

2.7.1. NS-2 

NS-2 is a discrete event network simulator that derived from the REAL network simulator. 
Initially intended for wired networks, the MONARCH Group at Carnegie Mellon 
University extended NS-2 to support wireless networking such as MANETs and wireless 
LANs as well. Most MANET routing protocols are available for NS-2 including the most 
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commonly used 802.118 MAC (Media Access Control) layer protocols. NS-2's source 
code is split between C++ for its core engine and OTcl, an object oriented version of Tcl9 
for configuration and simulation scripts. The combination of the two languages offers an 
interesting compromise between performance and ease of use. Implementation and 
simulation under NS-2 consists of 4 steps: (1) implementing the protocol by adding a 
combination of C++ and OTcl code to NS-2's source base; (2) describing the simulation in 
an OTcl script; (3) running the simulation and (4) analyzing the generated trace files. 
Implementing a new protocol in NS-2 requires adding C++ code for the protocol's 
functionality, as well as updating key NS-2 OTcl configuration files in order for NS-2 to 
recognize the new protocol and its default parameters. The C++ code also describes which 
parameters and methods are to be made available for OTcl scripting. The NS-2 
architecture follows closely the OSI (Open System Interconnection) layered structure. 
Some disadvantages of NS-2 come from its open source nature. For example, 
documentation is often limited and out of date with the current release of the simulator. 
Fortunately most problems may be solved by consulting the highly active newsgroups and 
browsing the source code directly. Another disadvantage is the lack of tools to describe 
simulation scenarios and analyze or visualize simulation trace files. A more troublesome 
limitation of NS-2 is its large memory consumption and its lack of scalability as soon as 
simulation of over a hundred nodes is undertaken. Detailed performance comparison 
among three versions of scale of simulations can be found in (Huang, 1998). 

2.7.2. OPNET 

OPNET is a powerful, commercial network simulator which can simulate almost all kinds 
of wired networks, and an 802.11 compliant MAC layer implementation is also provided. 
Although OPNET is intended for companies to diagnose or reorganize their networks, it is 
possible to implement customized algorithms by reusing a lot of existing components. 
Most part of the deployment is made through a hierarchical graphic user interface. 

                                                      
8 The 802.11 specification refers to a family of specifications developed by the IEEE for wireless 
LAN technology. The 802.11 specification specifies an over-the-air interface between a wireless 
client and a base station or between two wireless clients. The IEEE accepted the specification in 
1997. 
9 Tcl (Tool Command Language) is a very powerful but easy to learn dynamic programming 
language, suitable for a very wide range of uses, including web and desktop applications, 
networking, administration, testing and many more. Open source and business-friendly, Tcl is a 
mature yet evolving language that is truly cross platform, easily deployed and highly extensible. 
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Basically, the deployment process goes through the following phases. First choose and 
configure the node models (i.e. types) use in the simulations, e.g. a wireless node, a 
workstation, a firewall, a router, a web server, etc. Then build and organize the network by 
connecting the different entities. The last step consists in selecting the statistics to be 
collected during the simulations. The difficulty with OPNET is to build the required state 
machine for each level of the protocol stack. It can be very difficult to abstract such a state 
machine starting from a pseudo-coded algorithm and to debug, extend and validate. 
However, once a protocol is developed, it can be conveniently reused with the other 
existing components (MAC layer, transceivers, links, etc.) to speedup the deployment 
process.  

2.7.3. GloMoSim10 

GloMoSim is a scalable simulation environment for wireless and wired networks systems 
developed originally at University of California Los Angeles’s Computing Laboratory. It 
is a parallel discrete-event simulator based on a C-based parallel simulation language, 
Parsec. GloMoSim currently supports protocols for purely wireless networks. It is built 
using a layered approach. Standard APIs (Application Program Interfaces) are used 
between the different layers. This allows rapid integration of models developed at 
different layers. To specify the network characteristics, the user has to define specific 
scenarios in text configuration files. The statistics collected can be either textual or 
graphical. In addition, GloMoSim provides various applications (constant bit rate, ftp, 
telnet), transport protocols (TCP, UDP), routing protocols (AODV11 , flooding) and 
mobility schemes (random waypoint, random drunken). With GloMoSim, the difficulty 
was to describe a simple application that bypasses most OSI layers. The bypass of the 
protocol stack is not obvious to achieve since most applications usually lie on top of it. 
Compared to OPNET, for example, the architecture is much less flexible. 

2.7.4. Parallel Simulators 

Because of the dynamic nature of MANETs, it is in general very difficult to directly apply 

                                                      
10 The commercial version of GloMoSim is QualNet. See its official website at: 
http://www.qualnet.com/. 
11  Short for Ad Hoc On-Demand Distance Vector, a routing protocol for ad hoc mobile networks 
with large numbers of mobile nodes.  
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some of the acceleration techniques for simulations of the conventional fix-line networks. 
One convenient approach is to build a MANET simulator based on parallel computing 
platforms which are transparent to the simulator developers and users. The biggest 
advantage of parallel simulation is that speedup is gained without sacrificing accuracy 
and granularity of the simulation. However, a parallel environment is expensive to get.  

For example, (Liu, 2001c) introduced SWAN, a parallel, scalable MANET and sensor 
network simulator developed at the Institute for Security Technology Studies (ISTS) at 
Dartmouth College. SWAN is essentially an integration of two major software packages: 
DaSSF and BBN’s WiroKit. DaSSF (Dartmouth Scalable Simulation Framework) is a 
multi-purpose and multi-platform simulator compiled with SSF12 specification. WiroKit 
is a portable routing module developed by BBN Technologies13 Company. Scalability 
was provided by the parallel capacity of SSF. SWAN is reported to be able run extremely 
large-scale simulations of wireless sensor networks with tens of thousands of nodes. 

In (Panchal, 1998), a wireless network simulator WiPPET was proposed focusing on 
the radio resource management and MAC protocols. WiPPET is implemented based on 
the TED/C++ framework (Perumalla, 1997), and it is a collection of base TED objects 
modeling mobility, traffic radio propagation and protocols that together with a 
configuration file (specifying interconnections and system parameters) can be used as a 
virtual test-bed. The objectives of the test-bed are to: (i) shift the work to design of models 
rather than low-level programming of custom simulators; and (ii) enable reuse of a 
growing database of objects for creation of new simulation models. 

2.7.5. Model Abstraction 

Apart from the parallel approach, model abstraction is another major approach for solving 
the scalability problem of MANET simulation, and it’s also the focus of this research.  

The authors of (Heidemann, 2001)  studied the effects of the level of simulation detail 
on wireless network simulation. The authors described the trade-offs associated with 
adding detail to wireless network simulation models, and evaluated the effects of detail in 
five case studies of wireless simulations for protocol design. 

                                                      
12 SSF is a public-domain standard for discrete-event simulation of large, complex systems in Java 
and C++. See its website at http://www.ssfnet.org. 
13 See its website at http://www.bbn.com/.  
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Much effort has been made on reducing the simulation complexity of MAC layer 
protocols. For example, (He, 2006) noticed that, on average, 90% of the simulation time 
of a detailed MANET simulation is spent on the characterization of MAC layer 
behaviours. To reduce the complexity of simulating MAC layer protocols, the authors 
introduced a hybrid method which replaces the MAC and radio models with an integrated 
experimental model based on detailed, packet-level, online collected data. Their 
experimental results showed that their approach achieved at most 9 times speedup 
compared to simulation with GloMoSim without using model abstraction.  

An abstracted 802.11 MAC model based on SWAN was proposed in (Liu, 2001b). The 
model determines whether a new packet offered to the MAC layer ought to be accepted or 
not, and when that packet’s turn for transmission arrives, predicts how long it will take for 
the channel to be safely acquired and the packet delivered. The contention control and 
message exchange is analytically computed rather than actually simulated. This reduces 
considerably the number of events needed to model packet transmission delays under 
heavy traffic conditions, such as the events for listening to a channel, dealing with 
back-offs, detecting collisions and scheduling retransmission delays—none of that would 
be explicitly done.  

A OFDM (Orthogonal Frequency Division Multiplexing) MAC and radio model was 
developed in (Yeung, 2004) as an alternative to QualNet’s implementation of IEEE 
802.11 MAC model. It achieved speedup magnitude about three to four orders against 
QualNet without compromising simulation accuracy. 

In (Kim, 2004), a time-stepped fluid-oriented fast simulation framework for IEEE 
802.11-operated wireless LANs (WLANs) was introduced. The method used an 
analytical fluid model to characterize data transmission activities in IEEE 
802.11-operated WLANs with/without the RTS/CTS mechanism. The control overhead 
incurred in the physical and MAC layers, as well as system parameters specified in IEEE 
802.11 were represented in the analytical model as well. The model was validated using 
NS-2 with simulation scenarios in which the network is and is not saturated. It achieved as 
much as two orders of magnitude improvement in terms of execution time as compared to 
packet-level simulation. The relative error, on the other hand, fell within 2 % in all cases, 
as long as the value of the time step is appropriately determined. A similar work to (Kim, 
2004) was reported in (Ji, 2004). It focused on improving the MAC layer modeling by 
using the technique, event aggregation, instead of using fluid techniques. The 
experimental study was conducted with QualNet, and speedup was achieved at a scale of 
between 4 to 55 times.  
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2.7.6. Validation Techniques 

Compared to the richness of literature in simulation techniques, simulation validation has 
drawn relatively less attention from the simulation developers and users. The authors of 
(Pawlikowski, 2002) particularly expressed their concerns in the credibility of simulation 
approach after conducting a survey of more than 2200 research publications on 
telecommunication networks in proceedings of IEEE INFOCOM and such journals as 
IEEE Transactions on Communications, IEEE/ACM Transactions on Networking, and 
Performance Evaluation Journal. Their survey showed a wide-spread ill-understand and 
improper usage of simulation. 

In the context of MANETs, the issue of validation was addressed in (Kotz, 2004), 
where the authors experimentally checked some of the most widely used assumptions in 
the simulation research and concluded a set of guidelines in using simulation in MANET 
research. In (Bhargavan, 2002), a formal tool suite of simulation validation called Verisim 
was proposed and an example was given on validating the AODV routing protocol. 
Verisim facilitates the analysis of correctness properties in network simulations. The 
advantage of Verisim comes from its combination of NS-2 with the trace-checking 
component of the MaC system (Kim, 1999). Traces were generated using NS-2 and 
analyzed to determine whether they satisfy desired properties. These properties are 
expressed using the Meta-Event Definition Language (MEDL) used in MaC. With this 
combination, it is possible to seamlessly integrate flexible testing of such properties into 
the processes generally used to design and analyze network systems. 

2.8. Summary  

This chapter defines simulation as an experimental process of obtaining new knowledge 
of the real-world object of interest. The modeling process is crucial in this activity as it 
largely determines the accuracy and efficiency of the final simulation results. Some 
commonly used simulation acceleration techniques are introduced in the second part of 
this chapter, e.g. variance reduction, hybrid technique, parallel and distributed simulation 
technique and model abstraction. All these techniques play an important role in improving 
simulation performance. The second part of this chapter reviews the simulation 
techniques specifically used in MANET studies. Some household-known simulators are 
introduced firstly. The focus is put on the model abstraction technique as it is the main 
focus of this research.
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Chapter 3  

A Multi-Level Resolution Simulation 

Acceleration Approach  
 

 

This chapter introduces a multi-level resolution approach to accelerate MANET 
simulations based on model abstraction techniques. A clearly defined simulation 
objective is crucial for properly applying model abstraction techniques because the 
purpose of simulation determines the boundary of tolerance to the simulation error caused 
by model abstractions. Although such a boundary may not be arithmetically clear, it is 
certainly helpful to have quantitative measures of the simulation error and the achieved 
speedup in the trade-off between accuracy and speedup. Moreover, the measurement 
metrics of the simulator performances should be easy to understand and practical to use, 
because these are very important in evaluating simulations of complexity systems such as 
MANETs. 

This chapter is structured as follows. Section 3.1 presents the multi-level resolution 
simulation approach proposed in this research. Section 3.2 describes the validation 
methodology and the measures of simulation error. Section 3.3 introduces the measures of 
simulation cost. Section 3.4 defines two simulation scenarios. The measurement metrics 
and scenarios defined in section 3.2, 3.3 and 3.4 will be used in the following chapters. 
Finally, section 3.5 summarizes this chapter.  
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3.1. A Multi-Level Resolution Approach to MANET 

Simulation 

3.1.1. The Bottleneck of a Packet-Level MANET Simulation 

The most widely used discrete-event simulators available to date, such as NS-2 and 
OPNET, provide simulation accuracy and reliable solutions, but the speed of these 
simulators degrade quickly when the network scale increases. They don’t provide the 
flexibility to choose simulation granularity for simulation users who are very concerned 
with the running speed of the simulators. Parallel simulation would be an ideal solution 
because it increases the computational power without sacrificing accuracy. But the 
required expert knowledge for configuring a parallel environment and the high cost of 
hardware and software investment undermines the accessibility of parallel techniques for 
many simulation users.  

Model abstraction is a more flexible approach but it requires a clearly defined 
simulation objective and some prior knowledge of the simulated system. In order to apply 
model abstraction, it’s necessary to first identify where the performance bottleneck is, in a 
detailed MANET simulation. The dynamic nature of MANETs indicates that the routing 
protocol, MAC mechanism and the physical link are very different from the traditional 
fixed networks. In a packet-level simulation of MANET, a large proportion of 
computational cost is consumed by simulating the MAC layer and the physical layer 
models.  

Take the MONARCH extension of NS-2 as an example. Figure 3-1 shows the 
percentage of the number of events recorded in an NS-2 simulation. In general, the 
number of events is proportional to the computation resource needed, and this point will 
be elaborated in detail in section 3.3.1. The MAC layer and the physical layer were 
configured according to (Broch, 1998). The simulation was set with 50 nodes, map of size 
1000 m2, and 900 seconds of simulation length. The MANET routing protocol was 
DSDV14. It can be seen that, among the total 13685477 events, over 95% of events were 
generated directly related to the lower layer models, such as MAC, link and Radio models. 
                                                      
14 Destination-Sequenced Distance-Vector Routing (DSDV) is table-driven routing scheme for ad 
hoc mobile wireless networks based on the Bellman-Ford algorithm. The reason of choosing 
DSDV here is because its routing overhead is not dependent on the level of mobility intensity.  
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Hence, it’s clear that the fundamental limitations on the performance of MANET 
simulation largely lie on the underlying radio, link and MAC models used in a detailed 
simulator.  

4.22%
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0.45%

 Routing
 Radio
 MAC & Link
 The other

 

 

 

Figure 3-1: The number of events of different layers in a NS-2 
simulation 

3.1.2. A Multi-Level Resolution Approach 

The performance bottleneck in the lower layer models of a MANET simulation has been 
identified in the literature, and a number of improvements based on model abstraction 
techniques have been made to accelerate the simulations (see a review in Chapter 2). The 
simulation acceleration approach proposed in this Thesis is based on model abstract as 
well. The major differences from the previous approaches are that: 

• Simulation objective is explicitly defined as session-level traffic simulation, which 
will be defined in detail in the next chapter;  

• Several model abstraction techniques are combined together to accelerate the traffic 
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simulation of MANETs, rather than focusing on applying a certain technique to a 
certain model; 

• The simulation acceleration approach proposed in this Thesis focuses on providing the 
flexibility of adjusting the simulation accuracy. Moreover, the error caused by model 
abstraction is systematically analyzed. 

As mentioned in the last chapter, a clear simulation objective is the key to ensure 
successfully application of the model abstraction techniques. However, a simulation 
objective is not always so obvious to be able to translate into concrete specifications of 
simulation modeling directly. An important methodology to fill this gap is through a 
layered approach, i.e. to categorize the simulation objective into several layers of classes 
based on certain criteria, such as the granularity of the output data obtained, and the 
amount of resource needed for the simulation and model activities. Representative 
examples of such work include Klir’s conceptual multi-level framework for system 
problem solving (Klir, 1985), and Zeigler’s multi-level framework of modeling details 
(Zeigler, 2000).  

In this Thesis a multi-level framework of model abstraction is proposed based on the 
level of modeling resolution. The major abstraction techniques used include fluid traffic 
modeling, time-stepping and centralized computing. These abstracted models are 
implemented in a MANET simulator called SSIM which will be introduced in detail in the 
next chapter. The traffic model is the key part for providing different abstraction levels 
representing different levels of simulation granularities. 

On top of the detailed event-driven packet-level simulation, the first abstraction level 
models network traffic as event-driven fluid-oriented ON/OFF flows characterized by 
piece-wise constant rate functions of simulation time. This level of traffic model tracks 
the events corresponding to the changes in the fluid rate at the traffic flows and queues 
caused by traffic source rate changes, link breaks, queueing and multiplexing in the 
network. Since fluid rate changes occur at a rate that is typically much slower than the 
packet sending rate, the simulator is expected to handle fewer events, thus achieving a 
simulation speedup. Though under certain conditions, an event-driven fluid-oriented 
simulation may be even less efficient than the corresponding packet-level simulation. One 
of such cases is called: ripple effect in some references and it will be addressed in the next 
chapter. 

At the next abstraction level, the network traffic is modeled with a time-stepped 
fluid-oriented ON/OFF process, which represents a coarser level of abstraction. At this 
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resolution level, instead of exactly keeping track of fluid rate changes as the simulation of 
the previous level does, the time-stepped fluid-oriented traffic model discretizes time into 
small time intervals, called time-steps. The fluid rate at each time-step is assumed to be 
constant and represented by a sampled value in the interval. If the length of the time-step 
is chosen properly, the time-stepped fluid-oriented traffic model will generate fewer 
events and still keep the simulation accurate. At this level, some of the overall network 
traffic statistics, such as the traffic delivery ratio and the overall throughput can still be 
accurately simulated, but the detailed real-time traffic rate change is abstracted out of the 
model. 

At the highest abstraction level, the length of the time-step is increased. As a result, the 
number of events generated by the input traffic model is further reduced and the 
simulation runs faster. Consequently the simulation results become less accurate. Hence, 
error analysis and validation is crucial at this stage. The simulation at this level is 
particularly useful for generating background traffic in a large-scale network, which often 
needs to superpose a large number of ON/OFF traffic sources which can be very 
time-consuming.  

This concept of multi-level abstraction is shown in Figure 3-2. On top of the figure is 
the basic packet-level traffic source. The second time line in the figure represents the first 
level of an abstracted traffic model where a packet train is represented as a continuous 
flow. The third time line in the figure shows the time-stepped traffic model and the length 
of the time-step is h1. It can be seen that the traffic sending rate is constant in each time 
interval. Finally, when the length of the time-step increases from h1 to h2, more of the 
original traffic details have been lost during the process of abstraction.  

The most difficult issue when applying a fluid-oriented traffic model is that the 
simulator no longer tracks individual packets. Because many network protocols work in a 
distributed manner, and use message exchanges to keep protocol states up to date, those 
behaviours of the protocols can no longer be simulated in a fluid-oriented simulation. This 
problem is tackled by a centralized computing technique which computes the direct 
effects of message exchanges instead of keeping track of every individual packet. The 
effects of this technique on the simulation accuracy will be introduced in detail in the next 
chapter.  
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Figure 3-2: Multiple Simulation Abstraction Levels 

3.2. Validation of Simulation Models 

In simulation practice, model verification and validation is an indispensable step in order 
to evaluate the correctness of simulation models. The simulation objective is of 
importance during validation, because a model is developed for a specific purpose or 
application and its validity can only be evaluated with respect to that context.  

In this research, model validation is carried out through both experimental and 
analytical approaches. With the experimental approach, the simulation results with using 
different kinds of models are compared. In other words, the accuracy of the model is 
evaluated based on their results. Hence it is a black-box approach in the sense that the 
internal structure of the model is not directly reflected and addressed through this process. 
On the contrary, the analytical approach directly investigates the algorithms and 
dependence relationships in the model. Therefore, it can be seen as a white-box approach.  
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3.2.1. Methodology 

A simulation process can be considered as a complex process of iteratively computing the 
value and state of each of its variables according to the definition of the model related to 
the variable, and the dependency relationships between this model and the other models. 
Therefore, the simulated system can be represented by a superposition of a finite number 
of processes. Each one of those processes is related to a certain variable of one of the 
simulation models and the process can be either stochastic or deterministic depending on 
the model variables it relates to. How these processes interact with each other is 
determined by the dependency relationships among their corresponding simulation 
models. 

For example, in a MANET simulation, assume there is a random variable ( )iu t  
describing the geographic position of node i at time t. Obviously, ( )0iu  is the initial 
position of node i and the value of ( )iu t  is determined by the definition of the mobility 
model. Assume ( )ir t  represents the total amount of data that node i has received up to t. 
Firstly, ( )ir t  is dependent on the offered load of the network which is determined by the 
traffic models. Secondly, ( )ir t  may also be affected by the state and value of ( )iu t , 
because the position of node i may cause link breaks and consequently cause transmission 
breaks with some other nodes. 

A modification or change in one of the simulation models will affect not only its 
corresponding processes but also the other processes which are dependent on the model. 
It’s often too complicated to explicitly express all the direct or indirect consequences of 
changing the definition of a model. A more practical approach is to judge by results. In 
other words, the task of measuring the difference between models is transformed to the 
task of measuring the difference between the results of applying different models, which 
is much easier to measure and analyze quantitatively than to directly compare the abstract 
model definitions. Therefore, in this Thesis, measuring the simulation error actually 
refers to measuring the difference in the consequences of applying different simulators or 
models. The term model discrepancy is used here to specifically refer to the differences in 
simulation results caused by applying a certain model, e.g. a packet-oriented traffic model 
vs. a fluid-oriented traffic model in a MANET simulation. 

3.2.2. Definitions 

Denote  as the domain of natural integers, and +  as the domain of the non-negative 
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real numbers. Define a random process which is directly related to a model M as: 

( ){ }|X t t +∈  

Assume that ( ){ }X t  is a continuous time stochastic process with a finite number of 
discrete states15. Denote S as the state space of the process ( )S t  as: 

( ){ }|iS S t s t i i+= = ∈ ∧ ∈ ∧ < ∞  

Given that the degree of S is n, then the indicator function, ( )I t , denotes an 
n-dimensional vector, whose value is  

( )
1

0,0,...,0,1,0,...,0
n ii

I t
−−

⎛ ⎞
= ⎜ ⎟⎜ ⎟
⎝ ⎠

 

The above identity means that the ith element of ( )I t  is 1 only when the process is in the 
state si at time t.  

Furthermore, define another n-dimensional vector ( )W t  

( ) ( ) ( ) ( )( ) ( )1 2, ,..., ,   n iW t W t W t W t W t += ∈  

where ( )iW t  defines the weight function at time t, when the process is in the state si. 

Normally, the value of ( )W t  depends on the states of ( )X t . However, with the help 
of the indicator function ( )I t , the elements of ( )W t , ( )iW t  where i = 1, 2, …, n, can 
be defined independent of the state of ( )X t . For example, assume the traffic source uses 
an ON/OFF traffic model, and ( )X t  represents the current traffic source rate. The 
indicator function ( )I t  has now one element,  

 ( ) ( )1,    if  is in an ON state
0,    otherwise

X t
I t

⎧⎪= ⎨
⎪⎩

 (3.1) 

With the definition of (3.1), ( )W t  can then be conveniently defined as the traffic sending 
rate regardless whether ( )X t  is in an ON or an OFF state.  
                                                      
15 This assumption is due to the current context of discrete-event simulation. The case of 
continuous state space can only be studied under the framework of continuous state simulation, 
which is out of the range of this Thesis.  
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Assume that ( )I t  and ( )W t  are independent of each other, and define the value of 
( )X t  as the dot product of ( )I t  and ( )W t . 

 ( ) ( ) ( ){ }|X t I t W t t += ⋅ ∈  (3.2) 

Suppose ( )ˆ{ }kX t  is the random process obtained with model M* which is a modified 
or completely different version of model M, where k denotes the initial condition which 
belongs to set A. Then ( )ˆ{ }kX t  can be defined as: 

( ){ }ˆ |kX t t k A+∈ ∧ ∈  

Obviously ( )ˆ{ }kX t  is dependent on ( ){ }X t  if model M* is dependent on model M, 
but this dependency may not yield an explicit expression. There may be a number of 
realizations of the abstracted model with different initial conditions, each instance is 
denoted as ˆ

kX , which is subject to some initial condition k defined on set A.  

3.2.3. Measuring the Model Discrepancy 

Now the difference between models is projected to the difference between their 
corresponding results. It is straightforward when the simulation result to compare is a 
single value. But more often the simulation result is a set of data or a derived distribution. 
Therefore, it is often necessary to quantitatively express the difference between two data 
sets.  

Following the definition in the last sub-section, the problem now is to measure the 
difference between ( ){ }X t  and ( )ˆ{ }kX t . Suppose t is limited in a range [0, ]L , then 

( )ˆ{ }kX t  can be considered as one of the estimations or approximations of ( ){ }X t  over 
a period of time L. The quality of the estimation can be measured by the closeness of the 
two processes. There are two major approaches to measuring the closeness: the 
L1-distance approach and the L2-distance approach. They have been widely used in 
Sampling Theory and Nonparametric Density Estimation to measure the quality of the 
estimations (Krishnaiah, 1984, , 1988).  

3.2.3.1. The L1-Distance Approach 

The absolute error (AE) or L1 norm at point t is defined by: 
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( ) ( ) ( )ˆAE = kt X t X t−  

and its normalized version is simply  

( )
( ) ( )

( )

ˆ
NAE

kX t X t
t

X t

−
= . 

The integrated absolute error (IAE) over a period of L is defined by: 

( ) ( )ˆIAEL kL
X t X t dt= −∫  

or 

( ) ( )ˆIAEL kL
X i X i= Δ − Δ∑  

for continuous-time and discrete-time, respectively.  

3.2.3.2. The L2-Distance Approach 

The mean square error (MSE) at time t is defined by: 

( ) ( ) ( )
2ˆMSE = kt E X t X t⎡ ⎤−⎣ ⎦  

where ( ).E  is the expectation function.  

Another measure commonly used is integrated squared error (ISE) or L2 norm, 

( ) ( )
2ˆISEL kL

X t X t dk⎡ ⎤= −⎣ ⎦∫  

or  

( ) ( )
2ˆISEL kL

X i X i⎡ ⎤= Δ − Δ⎣ ⎦∑  

for continuous-time and discrete-time, respectively.  

Similarly, the mean integrated square error (MISE) is defined by: 

( ) ( )
2ˆMISEL kL

E X t X t dt⎡ ⎤= −⎣ ⎦∫  
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or 

( ) ( )
2ˆMISEL kL

E X i X i⎡ ⎤= Δ − Δ⎣ ⎦∑  

3.2.3.3. The Two Types of Errors 

By the standard elementary properties of mean and variance, the MSE can be expressed 
as: 

( )

( )

2

2

2

ˆMSE

ˆ( ) ( )

ˆ ˆvar( )

k

k

k k

E X X

E X X X X

E X X X

= −

⎡ ⎤= − + −⎣ ⎦

⎡ ⎤= − +⎣ ⎦

 

If consider ˆ
kX  as an estimation of X , then the first part of the above equation is 

exactly the squared bias of ˆ
kX  

( ) ( ) 22ˆ ˆbias k kX E X X⎡ ⎤= −⎣ ⎦  

The MSE of ˆ
kX  can then be expressed as: 

( ) ( ) ( )2ˆ ˆ ˆMSE bias vark k kX X X= +  

Sometimes, the discrepancy caused by the bias is called the systematic error, and the 
discrepancy caused by the variance is called the random error because of its 
irreproducibility. Similarly, the MISE of ˆ

kX  over a period of L can be expressed as: 

 ( ) ( ) ( )
2ˆ ˆ ˆMISE bias varL k L k L kX t X t X t⎡ ⎤ ⎡ ⎤ ⎡ ⎤= +⎣ ⎦ ⎣ ⎦ ⎣ ⎦  (3.3) 

3.2.3.4. The Differences between the Two Approaches 

In the area of Density Estimation and Sampling Theory, the L1 and L2 approaches are most 
commonly used for goodness-of-fit tests, and there has been considerable debate about 
which approach is the better one (Izenman, 1991). Unlike in the goodness-of-fit practice 
where the difference between the experimental data and the theoretical data is often 
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assumed to be Normal, in the current context, the relationships between ( ){ }X t  and 
( )ˆ{ }kX t  may not be known or explicitly expressed. Therefore, the discrepancy between 
( ){ }X t  and ( )ˆ{ }kX t  cannot be assumed to conform to any known distribution.  

In the current applications, the major difference between the two approaches is that the 
L2 approach involves squaring the differences between two process, which, therefore, will 
magnify the discrepancies which are relatively more significant, i.e. larger than 1, and 
diminish the less significant discrepancy, i.e. smaller than 1. Moreover, MISE is a more 
optimistic metric than IAE, because of the inequity:  

2
i iA A≥∑ ∑  

In other words, the error measured by IAE always appears greater than by the square root 
of MISE.  

On the other hand, the L1 approach is a relatively more intuition-friendly measure 
which directly reflects the physical closeness of the two sets, i.e. the physical shift 
between the two data sets. One thing clear is that it is easier to calculate L1 in an 
experimental study, but the analytical labour to get L1 is substantially more difficult than 
is needed to obtain analogous L2 results because the presence of Absolute operations in 
the L1 approach. Therefore, this Thesis mainly uses the L1 approach, NAE, to measure the 
goodness-of-fit of two resulted distribution obtained from experiments, while the L2 
approaches are used for analysis purposes. 

3.2.4. Model Mean 

It is sometimes interesting to know the average discrepancy over a period of time. The 
model mean is used here to refer to the mean value of the stochastic variable related to the 
model over a period of time. Model mean is especially useful in the case of terminating 
simulations, where the simulation time is often pre-defined. In a steady-state simulation, 
the model mean can be used as a statistic to study the asymptotic properties of the 
discrepancy.  

Denote time L as a piecewise continuous variable representing the length of the 
simulation time. Then for a terminating simulation over the period L, the model mean 
projected on process ( ){ }X t  is defined as: 
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( )1
L

X X t dt
L

= ∫  

The mean of the abstracted model can be projected on process ( )ˆ{ }kX t  as: 

( )1ˆ ˆ
k kL

X X t dt
L

= ∫  

If ( )ˆ{ }kX t  is an estimation of ( ){ }X t , then ˆ
kX  can also be considered as an 

estimation of X  with initial condition k. 

In the case of steady-state simulation, the model mean is defined as  

( )1limX LL
X t dt

L
μ

→∞
= ∫  

and  

( )ˆ
1 ˆlim

k kX LL
X t dt

L
μ

→∞
= ∫  

This Thesis assumes that both Xμ  and ˆ
kXμ  exist, i.e. ˆ,

kX Xμ μ < ∞ .  

Because there can be many realizations of the abstracted models with different initial 
conditions, if the whole set of initial condition A is covered, then the variance of the model 
mean is defined as: 

( )2
2 1 ˆ
X A

X X d
A δσ δ= −∫  

2
Xσ  may not exist. If there are only n realizations of the abstracted models, then the 

variance of the model mean can be estimated by the sample variance  

( )2
2

1

1 ˆ
1

n

i
i

S X X
n =

= −
− ∑  

3.3. The Measures of Acceleration Performance 

3.3.1. The Measures of Simulation Cost 

In the case of discrete-event simulation, the computational effort involved in handling 
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each event can be considered as the basic unit of simulation workload. Thus the number of 
events (NoE) is a natural choice for evaluating the cost of discrete-event simulations.  

However, it is not always possible to count the number of events. For example, the 
source codes of most of the commercial simulators are not open to the simulator users and 
they often don’t provide an interface for outputting information about the number of 
events. Sometimes, the simulator is not of the discrete-event type at all. In these cases, the 
most intuitive method of measuring the simulation cost may be by recording the 
wall-clock simulation time16. The longer time a simulation takes, the more computational 
resources the simulation needs. One should also be aware that the running time of a 
simulation is closely dependent on the configuration of hardware and software where the 
simulation is running. In this sense the wall-clock simulation time alone cannot be an 
effective reference for the simulation’s computational demand unless these factors are 
taken into consideration.  

3.3.2. The Event Reduction 

In order to measure the degree of simulation speedup, the average event rate (ER) of a 
terminating discrete-event simulation of length L is defined as  

1ER( ) NoE( )L L
L

= ×  

where NoE( )L  is the overall NoE during a simulation of length L. It can be seen, from 
the above equation, that both ER and NoE are dependent on L. For a steady-state 
simulation, L must be large enough to ensure steady state has been reached to ensure a 
good approximation. The ratio between the ER of two simulations indicates the 
acceleration magnitude of one simulation approach with respect to another in terms of 
NoE: 

1
NoE

2

ER
ER

α =  

                                                      
16 The term “wall-clock” is used to distinguish with the virtual time maintained by the simulator, 
which usually doesn’t have any direct mapping relationships with the real-time. 



 54

3.3.3. The Wall-Clock Simulation Time 

Define LT as the total wall-clock running time for a simulation of length L. The average 
progress rate (PR) is defined as:  

PR( )
L

LL
T

=  

PR indicates the average running time it requires for processing a unit length of 
simulation. Similar to NoEα , define Tα as the acceleration magnitude in terms of 
wall-clock simulation time: 

1
T

2

PR
PR

α =  

3.4. The Two Reference Scenarios 

This session defines the two versions of session-level scenarios, scenario A and scenario 
B, which will be frequently used in the following chapters for experimental studies.  

The scenario A considers a stand-alone MANET with homogenous node and traffic 
sources. This means that every node in the simulation is configured identically in terms of 
traffic transmission capacity, queue length and moving pattern etc., and every traffic 
source is configured by the same traffic model. The Scenario A can be used in simulations 
for calculating the overall throughput of network data traffic and the data delivery ratio 
which are common themes in the study of session-level applications of MANETs 
according to the survey in (Dow, 2005).  

The scenario B considers the case where there is a gateway node which connects the 
MANET to the Internet or another MANET. Such a theme is often interesting in studying 
the relationship between the gateway capacity and the network parameters, and 
particularly in investigating the queueing behaviours in the gateway node. In the scenario 
B, the destinations of some or all of the traffic sources in the network are set towards the 
gateway node, and the destinations of the other traffic sources are randomly set in the 
network. The gateway node has a service rate different from the other nodes in the 
MANET, and the inner interface queue content with various network configurations is 
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observed. In order to ensure that the gateway node is reachable by most of the nodes, its 
location is fixed at the geographical centre of the topology. An example of scenario B is 
illustrated in Figure 3-3.  

MANET 1

MANET 2

Gateway 2

Gateway 1

Gateway to Internet

Interenet

 

Figure 3-3: Illustration of the gateway node 

3.5. Summary 

This chapter first introduces a multi-level resolution model abstraction approach to 
accelerate MANET simulations. In this approach, the models of lower network layers, 
such as MAC and physical models are simplified. The traffic model is abstracted at three 
different levels to reflect different levels of simulation resolution. The following part of 
this chapter introduces the methodology of validation. Emphasis is put on introducing 
quantitative measures of simulation error and acceleration performances. These metrics 
will be frequently used in the experimental studies in the following chapters. Finally, the 
two scenarios used in the experimental studies are defined.  

The proposed multi-resolution simulation approach is implemented in SSIM, a 
session-level traffic simulator aimed at flexible high-performance MANET modeling and 
simulation. SSIM will be introduced in the next chapter. 
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Chapter 4  

SSIM: A Session-Level MANET Traffic 

Simulator 
 

 

NS-2 was originally extended to support wireless network simulation by the MONARCH 
group at Carnegie Mellon University. The MONARCH extension is an event-driven 
packet-oriented simulator which was designed to meet the needs of protocol developers 
and performance researchers who require an accurate and highly detailed simulator. 
However, the session-level option which is provided by NS-2 for wired network 
simulations is not implemented in the MONARCH extension.  

Motivated by the intention to provide session-level simulation for MANETs, a 
collection of extensions and modification of NS-2 was developed as part of the research 
reported in this Thesis. The details of SSIM are introduced in this chapter. The accuracy 
and acceleration performance achieved by SSIM is evaluated by comparing the 
simulation results obtained with SSIM to those of NS-2. 

This rest of this chapter is organized as follows. Section 4.1 introduces SSIM, a 
session-level simulator. Section 4.2 focuses on the event-driven fluid-oriented traffic 
model used in SSIM. Section 4.5 proposes a centralized computation technique to reduce 
the complexity of MAC and routing models. 4.6 addresses the other models used in SSIM. 
Section 4.7 studies the accuracy and acceleration performance of SSIM through 
experimental results. Section 4.8 summarizes this chapter.  
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4.1. Overview of SSIM 

4.1.1. Session-Level Simulator 

SSIM is a session-level simulator which means that it focuses on simulating the sessions 
(connections) between co-operating applications rather than the details of protocols at the 
packet level. The concept of session-level simulation is motivated by the fact that data 
network traffic at the packet level is extremely variable over a wide range of time scales. 
The complexity of the packet arrival process is such that it may prove very difficult to 
derive a packet level traffic characterization which is practical for performance modeling. 
Further, most traffic related network performance measures of interest invoke higher level 
entities like the flow or the session such that it is important to be able to describe and 
characterize traffic in these terms. 

In a data communication system, a traffic session is a loosely defined object 
representing a stream of packets having some criteria in common (destination nodes, port 
numbers, etc). A session-level communication manages dialogues between nodes, and 
defines how the data conversations are established, controlled and terminated. In SSIM, 
the traffic is not simulated in a packet-by-packet fashion, but as flows. A traffic flow is 
defined by its starting time and the amount of data to be transferred. It is not concerned 
with the syntax and semantics of the information which the traffic is bearing, nor is it 
concerned with the user-end application protocols that are used.  

The concept of session-level simulation can be clearly illustrated in Figure 4-1 which 
shows the comparison between the layered network architecture used in SSIM and the 
OSI (Open System Interconnection) seven-layer network architecture. The networking 
protocol stack defined in SSIM is decomposed into four layers rather than seven layers in 
the OSI architecture. It can be seen that layers which are above the session layer in the 
OSI architecture, i.e. the presentation layer and the application layer, are not represented 
in SSIM. Moreover, the session layer in SSIM is in fact an integration of both the session 
and transport layers in the OSI architecture.  
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Figure 4-1: The layered structure of SSIM 

A number of protocols have been implemented or transplanted from NS-2 models at 
each layer. Table 4-1 shows the models implemented in SSIM so far for each layer and the 
corresponding models implemented in NS-2. Those models will be described in detail in 
the following sections. 
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Layer SSIM  NS-2  

Session 

Fluid-Oriented Constant Bit Rate 
Traffic Model; 
Event-Driven Fluid-Oriented 
Exponential ON/OFF Traffic 
Model; 
Event-Driven Fluid-Oriented 
Pareto ON/OFF Traffic Model 

Packet-Oriented Constant Bit 
Rate Traffic Model; 
Event-Driven Packet-Oriented 
Exponential ON/OFF Traffic 
Model; 
Event-Driven Packet-Oriented 
Pareto ON/OFF Traffic Model 

Network 
Centralized Shortest-Path 
Routing Model 

Distributed Models: e.g. AODV, 
DSR, DSDV, TORA, etc. 

Data Link 
Centralized asynchronous 
TDMA MAC; 
Fluid-Oriented FIFO Drop-Tail 

Distributed Models: e.g. 
CSMA/CA with RTS/CTS; 
Packet-Oriented FIFO Drop-Tail

Physical 

Free Space Propagation Model; 
Two-Dimension Random 
Waypoint Mobility Model; 
Input Delay Element 

Free Space Propagation Model; 
Two-Ray Ground Reflection 
Model;  
Shadowing Model 
Random Channel Delay Model; 
Lucent WaveLAN; 
Two-Dimension Random 
Waypoint Mobility Model 

Table 4-1: Models currently in the SSIM layers 

4.1.2. Extendibility and Compatibility 

SSIM is a single-thread simulator for MANETs, which is implemented completely in the 
object-oriented language C++. SSIM is a collection of base C++ objects and modeling 
mobility, traffic, radio propagation and network protocols together with two input profile 
generators17.  

In order to be more flexible and less dependent on the operating system, SSIM is 

                                                      
17 Currently, SSIM includes a mobility generator and a traffic generator. 
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developed as an application of single-thread using only the standard C/C++ library and 
does not have a graphical user interface (GUI). The current version compiles and runs 
under the Microsoft Windows 9x/ NT/2000 and can also be easily transplanted into the 
Linux family system without major modification. The object-oriented feature of C++ and 
the modular architecture of SSIM make it very easy to add new models and protocols. 
Each sub-component is implemented as a C++ object. A new model can be implemented 
by either adding a new object or inheriting from an existed one.  

SSIM Architecture

SSIM

Fluid Traffic Generator

:Pareto ON/OFF

Input Event
Controller

:Exponential ON/OFF

Mobility Generator

:Random Waypoint

Event
Scheduler

Event Queue

Simulator
Clock

Update

Event Handler

Invoke

Write To Simulation
Outputs

Event HandlerEvent HandlerEvent Handler

 

Figure 4-2: Illustration of the architecture of SSIM  

SSIM works as a container which structures all the instances of the models and their 
parameters into an Input/Output system as shown in Figure 4-2. It performs the functions 
of management such as instance construction/destruction and tasks of 
inter-instance-communication. The generators of mobility and traffic generate streams of 
mobility and traffic events and feed them into the simulator. A component called event 
controller sorts, encapsulates and inserts the input events into the scheduler’s event list, 
where the events in the list are ordered by the event’s time stamp. The main simulation 
loop is carried out by the scheduler. In each loop, the scheduler reads from the event list 
the next event, which is therefore the most imminent event, and then advances the 
simulation clock to its time stamp, and finally calls the corresponding handler from the 
event handler library. When the event is handled, the simulator writes the results to the 
output stream. 
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The layered structure used in SSIM makes it convenient and flexible for future 
extension. In the object-oriented development environment, each layer in the architecture 
in the simulator is defined by an extendable object. The interfaces between different 
simulation layers are compatible with NS-2. The advantages of doing so are: 

• The layered structure makes it convenient to switch among different models with 
different implementation and level of granularity. Because all these models are 
represented as a base object in SSIM, changing models can be realized by simply 
pointing the model instance to different ready-to-run implementations. This is ideal for 
the purpose of using simulation to test different types of models. 

• It is important to be able to port in some models of NS-2 because there is a large 
community of NS-2 users and contributors, and keeping compatible with NS-2 allows 
rapid integration and best use of the newly emerging models, especially those of which 
have already been validated. This also significantly reduces the amount of coding 
effort required to develop new models. 

4.2. Traffic Model 

4.2.1. Background 

In an event-driven simulation, the real network traffic behaviour is mimicked by using a 
traffic model which is either experimental, i.e. based on network trace samples, or 
analytical, i.e. based on mathematical models. The traffic models used in this Thesis are 
analytical models.  

Analytical traffic models generate pseudo random traffic data that in a long run 
maintain statistical characteristics of the real network traffic. Because of the large variety 
of MANET applications, e.g. see a recent survey in (Dow, 2005), it is impractical to define 
a traffic model which fits universally to all scenarios. For example, the traffic pattern in a 
voice-transmission-dominant network is apparently different from that of a 
data-transmission-dominant network (Adas, 1997). Therefore, it’s necessary to limit the 
scenarios studied in this Thesis are focused on a stand-alone wireless LAN (Local Area 
Network) which provides a data service and may have connections to other wireless 
LANs and Internet via the gateway nodes.  

There are a large variety of traffic models that have been proposed in the community of 
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network simulation studies, and many of these have been validated and justified by 
comparing with high quality traces of real network traffic, e.g. see a survey in (Adas, 
1997). However, compared to conventional wired telecommunication networks, 
MANETs are a relatively new and emerging technology, along the edges of tactical 
networks for DoD (US Department of Defence) applications (Henderson, 2006), and 
there is a lack of high quality user-end traced data from commercial applications for 
analyzing the traffic pattern and characteristics in a real MANET environment. Therefore, 
there is not yet an agreed set of traffic models specifically for MANET scenarios. In the 
current circumstance, analytical traffic models developed for conventional data and 
telecommunications networks are widely accepted and used in the simulation studies of 
MANETs (Garcés, 1999; Nilsson, 2004; Aschenbruck, 2005; Tang, 2006).  

4.2.2. The Event-Driven Fluid-Oriented Traffic Model  

The network traffic in a packet-oriented model is usually modeled at the packet level, with 
an event being used to represent a packet arrival or departure from a network device or 
queue. This has been shown to lead to accurate predictions of the network behaviour, and 
it has been widely employed by popularly used discrete-event simulators, such as NS-2, 
GloMoSim, QualNet and OPNET. However, when simulating large networks and high 
bandwidth links, the computational cost of processing the resulting huge number of 
events representing the traffic as packet flows can be extremely expensive. When 
simulators are used within real-time network emulation environments, this cost severely 
restricts the size and type of network that can be modeled. 

In order to reduce the cost of the detailed packet-oriented simulation, the fluid-oriented 
traffic models have been used to reduce the complexity of the traffic model, e.g. (Maglaris, 
1988; Sen, 1989; Pitts, 1995; Ahn, 1996; Kesidis, 1996; Cappe, 2002; Liu, 2004; Nicol, 
2004). In a fluid-oriented model, a close group of packets is modeled as a packet stream or 
packet train. Only two variables, which are traffic rate and the duration of the ON period, 
are needed to describe the packet train. Events are only generated when the rate of a traffic 
flow changes. If the flows change rate infrequently, large performance gains can be 
achieved using this technique (Pitts, 1995).  

As mentioned in chapter three, the basic traffic model used in SSIM is an Event-Driven 
Fluid-Oriented (EDFO) traffic model, which models a given data traffic flow using a 
piece-wise constant rate function. The flow’s behaviour at any point in simulation time or 
wall-clock time is described by a constant rate, e.g. in bits per second (bps). The rate may 



 63

change, and when it does, it changes according to a pre-defined distribution. The traffic 
rate changes are represented by discrete events. As the traffic traverses through the 
network, these rate changes are injected into the network and propagated toward their 
destinations. The advantage of such an approach (as opposed to a packet-oriented model) 
is that computation is performed only when, and where, it is needed to advance the traffic 
rate.  

The EDFO traffic model has been widely used in simulations of ATM (Asynchronous 
Transfer Mode) networks, e.g. (Frost, 1994; Kesidis, 1996). A more detailed discussion 
can be found in (Kumaran, 2001). The traffic modeling technique used in SSIM is very 
similar to the burst-level modeling technique introduced in (Sun, 1990; Pitts, 1991) in the 
ATM pioneer project RACE 1022 "Technology for ATD". Because the ATM cells are 
fixed size, traffic source can be conveniently modeled at the burst level, i.e. a traffic 
source is characterized by a burst of cells lasting for a certain period of time during which 
the inter-cell interval is constant.  

The major difference between the EDFO traffic model in a MANET simulation and the 
one in an ATM simulation is that the inter-packet interval is not necessarily constant in 
MANETs. Hence, to model a traffic burst, i.e. a closely adjacent group of packets, as a 
deterministic rate fluid flow may cause errors. Because the level of model detail is 
reduced, the level of accuracy of the simulation results obtained using this abstraction 
technique will not be as high as when packet-level simulation is used. As with all 
abstraction techniques, the appropriateness of the method depends on the simulation 
requirements. With fluid models, the detailed information about individual packets is lost. 
Therefore, they are not suitable for simulations studying subtle protocol dynamics on 
individual flows. Nor are they suitable for simulators that act as components of network 
emulation systems that interact with real applications running on real networks, because 
these real applications communicate using individual packets.  

4.2.3. The ON/OFF Model 

In high-speed networks, it has been found that the packets are communicated in a packet 
train pattern (Katabi, 2002); once a packet train is triggered, the probability that another 
packet will follow is very large. In SSIM, the inherently bursty property of data network 
traffic is captured by the ON/OFF traffic model (Heffes, 1986; Li, 1994; Willinger, 1995; 
Schwefel, 2001; Sarvotham, 2005). In this model, each single traffic source alternates 
between two states: an ON state, in which it produces data at a constant rate, and an OFF 
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state in which it produces no data. It is assumed that consecutive ON and OFF sojourn 
times are independent, and may have different distributions (see Figure 4-3).  

OFF

ON

( )OFFX n( )ONX n
 

Figure 4-3: Illustration of a single ON/OFF traffic source 

The apparent advantage of the ON/OFF model is that it’s easy to implement and 
parameterize. Another major reason of using the ON/OFF model is that it significantly 
reduces the effort for generating traffic with long-rang dependence characteristics. It’s 
now accepted, in general, that the length of the packet train is often heavy-tail distributed 
and the traffic in high-speed networks such as Ethernet LAN (Local Area Networks) or 
the Internet possesses the features of LRD and self-similarity (see Appendix I). This 
implies that the traditional traffic models (with exponential packet inter-arrival times, 
which assumption implies short-range dependence (SRD) in the traffic, are not 
appropriately accurate for describing high-speed network traffic. There have been many 
empirical studies providing evidence of the existence of self-similarity and LRD in traffic 
measurements of LAN or WAN (Wide Area Networks), which can be found in studies 
such as (Paxson, 1994; Paxson, 1995; Willinger, 1995). Evidence of LRD traffic in 
wireless networks can be found in (Jiang, 2000; Kuang, 2002). 

A significant number of formal analytical models have been developed for generating 
LRD sequences. One class of approaches are called behavioural models in (Cappé, 2002). 
They include analytical models relying on theories such as Fractional Autoregressive 
Integrated Moving Average processes, Fractional Gaussian Noise and Wavelets (see a 
survey in (Bardet, 2003)). However, the authors of (Willinger, 1997a) argued that because 
the parameters of these analytical models are not related to network parameters, they do 
not lead themselves to an easy interpretation. An alternative model, which appears to be 
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more appealing to the network researchers, is what is called a structural model. It 
attempts to explain the observed data characteristics by using knowledge about the traffic, 
such as the fact that it results from superposition of a large number of sources that share 
common resources (the individual user sessions). In structural modeling, the observed 
features of the measurements are reproduced using models whose parameters are 
associated with the traffic generating mechanism and the behaviour of the network users. 
This approach is by far the most popular in the network community (Cappé, 2002), 
because contrary to the behavioural models, it provides insight into the effects of network 
parameterization and control strategies.  

The ON/OFF model is one of the most widely used structural models, and is based on 
the aggregation and superposition of alternating renewal rewards processes having ON 
(active) and OFF (idle) periods. Traditionally, the ON/OFF model assumes finite variance 
for the sojourn times of ON and OFF periods, and the aggregation of large number of such 
sources does not have significant correlation, except over the short-range. In contrast to 
the traditional approaches, Taqqu et al (Taqqu, 1986) and Willinger et al (Willinger, 1995) 
studied the case when the ON and OFF sojourn times have heavy-tail p.d.f.. The ON/OFF 
model with power law distributed ON periods explains, to some extent, the self-similar 
nature of traffic, which was reported by many researchers. It is essentially the heavy-tail 
ON and OFF sojourn times that lead to behaviour which, in the aggregate, is self-similar. 

This observation is supported by the network measurements. In fact, the OFF duration 
can have high variability, since some source model phenomena which involved 
interactions with humans have extremely long period of latency. There is also a large 
amount of empirical evidence suggesting that the ON duration is often heavy-tailed. 
There has been observations, for instance, that the sizes of the files available on many FTP 
servers are heavy-tailed (Paxson, 1995; Nossenson, 2002; Willinger, 2003), which 
implies that the transfer times for FTP files have the same type of characteristics.  

Currently, the traffic generator of SSIM can produce two types of ON/OFF models: the 
Exponential ON/OFF traffic model (EXPOO) and the Pareto ON/OFF traffic model 
(PAROO)18. As their names indicate, they are different only in the assigned distribution of 
the ON and OFF sojourn times. They represent essentially two classes of scenarios: voice 
communication and data communication (Lee, 1997). EXPOO is applied in the scenarios 
where the network traffic is composed mainly of voice communication, where the ON and 

                                                      
18 For the generation of pseudo random numbers and the exponential and Pareto distributions, see 
Appendix II.  
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OFF holding times can be accurately modeled by an exponential distribution. In the cases 
of data communication, since the option for modeling heavy tailed holding time is 
indispensable, the Pareto distribution is used19. 

The classic Pareto distribution with shape b and location parameter a has the c.d.f. 
(cumulative distribution function) (Lloyd, 1980): 

( ) ( ) ( )Pr 1 ,      , 0,  bF x X x a x a b x a= ≤ = − ≥ ≥  

with the corresponding p.d.f: 

( ) 1b bf x ba x− −=  

If 2b ≤ , then the distribution has infinite variance, and if 1b ≤ , then it also has infinite 
mean. Since a heavy-tailed distribution is defined as (Leland, 1994): 

( )Pr ,       as , 0bX x cx x b−≥ →∞ ≥∼  

Therefore, for some b and constant c, the ratio ( ) ( )Pr 1bX x cx−≥ ∼  as x →∞ . The 
shape parameter b is closely related to The Hurst parameter, H, by the following relation 
(Taqqu, 1997): 

min3
2
bH −

≈  

where bmin is the minimum value among the shape parameters defined for ON and OFF 
periods. H is an effective index showing the degree of the burstiness of the traffic train. 
For SRD, H is equal to 0.5, whereas, H is between 0.5 and 1 for the LRD traffic. The 
higher the value the Hurst parameter is, the stronger the long-range dependence.  

According to the experimental evidences reported in (Leland, 1994; Willinger, 1995; 
Jiang, 2000; Kuang, 2002), the shape parameter defined for ON and OFF periods cover 

                                                      
19 In SSIM, it is assumed that streaming traffic is subject to open-loop control, i.e. an arriving flow 
is characterized only by the traffic source configuration. Though the focus of this research is on 
improving the simulations of MANETs, it’s worth noting that, in order to fully characterize the 
extremely variable nature of Internet traffic, the close-loop control mechanisms should be taken 
into account. In other words, the delivered traffic flow in the network is subject not only to the 
traffic source configuration, but also to the feedback from the network itself. This leads to the 
elastic traffic theory, which is beyond the scope of current research. 
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the whole interval (1,2) in both wired and wireless LAN environments. In SSIM, the 
shape parameter is set to 1.7 for the ON-periods and 1.2 for the OFF-periods according to 
match the data presented in (Willinger, 1997b).  

4.3. The Delay Model 

In a packet-oriented simulation, after a packet “sent” event is fired at time t, the simulator 
schedules an “arrived” event at the time t + d + l, where d is the transmission delay and l is 
the propagation delay. In the packet-level simulation of NS-2, d is calculated as:  

_ _
_ _ _

the packet sized
the avaiable channel bandwidth

=  

The propagation delay often varies depending on the type of physical media.  

However, in a fluid-oriented simulation, there is no discrete packet, and the traffic is 
represented as fluid flows. In order to achieve an exact corresponding packet arrival delay 
in a fluid-oriented simulation, a logical construct called Input Delay Element (IDE) 
developed in (Nicol, 2004) is employed in SSIM. An IDE is configured to delay a rate 
change of a fluid traffic flow by the time needed to receive a given byte volume V, in the 
packet model. For example, if the bandwidth of the transmission channel is b, then the 
delay is calculated as d = V / b. In the current configuration and settings, the propagation 
delay is significantly smaller than the transmission delay because the channel bandwidth 
is contended for by multiple data flows and the propagation delay is not the bottleneck20. 
Therefore, SSIM ignores the propagation delay in the current settings. An IDE in fact 
defines a temporal shift in the input flow description.  

Nicol et al (Nicol, 2004) suggested that V should be set to the size of a packet. 
According to the configuration of NS-2, SSIM currently sets the IDE between a 
sender/receiver pair to the channel transmission time of a packet with full size of 512B, 
which is the typical size of an IP packet21 (Fall, 2002). However, characterizing the 
                                                      
20 For example, with the MONARCH extension of NS-2, which models the Wireless network 
interface modeling the Lucent WaveLAN DSSS radio interface, the propagation delay is set to 
0.000002 second (2 μs), while the typical packet transmission delay is about 0.1-0.5 second. 
However, the propagation delay may not be ignored in certain circumstances, e.g. in satellite 
communications.  
21 See a study of the packet distribution at: http://www.nlanr.net/NA/Learn/packetsizes.html. 
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transmission delay is often more difficult than it appears to be since different traffic types 
may have different packet sizes. Therefore, the configuration of an IDE in SSIM can 
always be adjusted to suit different applications. 

4.4. The Fluid Queueing Model 

In SSIM, each traffic rate change in the EDFO model is modeled as a discrete event which 
triggers the simulator to update the simulation state. Because the bandwidth of the 
wireless link in a MANET is finite and shared among multiple flows, some traffic data 
needs to be backlogged in the queue or dropped due to queue overflow when the offered 
traffic load is temporarily greater than the network capacity. In SSIM, a fluid FIFO (First 
Input First Out) queue is maintained at each node for each traffic session. A similar idea 
was introduced in (Pitts, 1995), which also included a prioritized non-FIFO queueing 
scheme.  

Once the sending rate changes at one of the input EDFO traffic sources, a rate change 
event is inserted in the scheduler’s event list and is handled instantly by the session update 
function. In SSIM, each traffic source is assigned a unique ID to distinguish it from the 
other sessions. Given that there is a rate change in the traffic source k, denote the arrival 
rate, departure rate and the backlogged data in the ith node along the traffic session k at 
time t are ( ) ( )k

ir t , ( ) ( )k
id t  and ( ) ( )k

iq t , respectively. Denote the allocated bandwidth of 
the channel between the ith and (i+1)th node of the traffic session k at time t ( ), 1i ib t+ , 
which is calculated according to the bandwidth allocation scheme introduced in the next 
section. Suppose that the sending rate of the traffic source is ( )R t  at time t, and the last 
time that the traffic session k is updated is at time t τ− , then all the nodes and channels 
taking part in transmitting the traffic session k are updated according to the following 
algorithm in Table 4-2.  
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1. for i = 1 to M do  

(a) ( ) ( ) ( ) ( ) ( ) ( ) ( ), 1
1min ,k k k

i i i i id t b t r t q tτ τ τ τ τ
τ+

⎧ ⎫⎡ ⎤− = − × × − + −⎨ ⎬⎣ ⎦⎩ ⎭
 

(b) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ){ }min 0,k k k k
i i i iq t q t r t d tτ τ τ τ⎡ ⎤= − + × − − −⎣ ⎦  

 end 

2. ( ) ( )1
kr t R t=  

Table 4-2: Fluid queue updating algorithm 

In the table, M is the number of hops across the network for the traffic session k. It can 
be seen that at time t, the simulator actually updates the bandwidth of each channel and the 
queue content of each of the nodes of the traffic session k before t (in the step 1). This is 
because it must take into account the case when there is backlogged traffic data in the 
queue during the period [ , )t tτ− , the calculation of the departure rate ( )k

id  during this 
period should also include the released data from the queue, which is shown in the step 
1-(a). Only after the departure rate is determined, the queue content at time t can be 
calculated according to the step 1-(b), which is that the queue is either empty or equal to 
the total amount of data released during the period [ , )t tτ− . 

Therefore, when a rate change event of traffic session k comes at time t, the simulator 
only needs to update the corresponding variables once during the period [ , )t tτ− . While 
in a packet-oriented simulation, the simulator calculates the channel bandwidth, queue, 
arrival and departure rate every time a packet event arrives. In other words, the number of 
events in an event-driven fluid-oriented simulation is proportional to the number of rate 
changes, while in an event-driven packet-oriented simulation, it is proportional to the total 
number of packets the traffic sources generate.  

4.5. The Centralized Computation Technique 

One difficulty in the implementation of a fluid-oriented MANET simulator is that some of 
the network protocols, e.g. MAC (Medium Access Control) and routing protocols operate 
in a distributed way by exchanging administration messages. For example, under the DCF 
(Distributed Coordinated Function) model of an IEEE 802.11 wireless LAN (Crow, 1997), 
the MAC layer uses request to send (RTS) and clear to send (CTS) control messages to 
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detect contention before sending a data frame. The MANET routing protocols, such as 
AODV, DSR and DSDV etc. (Perkins, 2001), are all distributed protocols which rely on 
sending probing packages to maintain the routing information. These messages are 
discrete and hardly come like a packet train as the data traffic.  

In the context of session-level simulation, the focus is on understanding the behaviour 
at the session-level. Therefore the details of lower layer protocols such as the physical, 
MAC or routing protocols can be simplified as long as the overall session-level behaviour 
of the models is preserved. This allows us to abstract the detailed message exchanging in 
MAC and routing protocols by their direct effects.  

SSIM uses a centralized computing technique (Huang, 1998) to avoid message 
exchanges in the MAC and routing protocols. Instead of setting timers, sending messages 
and calculating states in a distributed way, the centralized MAC and routing models 
compute the result of this exchange and update the link bandwidth and topology instantly. 
The centralized computation technique conserves a significant amount of memory and 
computational time at the cost of detailed protocol behaviours.  

4.5.1. The MAC Model 

In SSIM, the MAC model provides the follow functions:  

• To provide connectivity state of network topology; 

• To establish channels for transmissions;  

• To manage channel bandwidth.  

SSIM assumes homogenous networks where each node has the same MAC capacity 
except the gateway node. Each channel is described by three variables: the offered load, 
the available bandwidth, and the propagation delay. Because, in radio-based 
communication, a mobile host can not send and receive at the same time, the available 
bandwidth of a channel is dynamic. A collision will occur in a sender or receiver node if it 
senses other transmission (send/receive) sessions within its interference range. Therefore, 
the calculation of the available bandwidth must take into account all the other 
transmission sessions within the interference range of the receiver node, which are called 
neighbourhood sessions. In SSIM, bandwidth contention among transmission sessions is 
centrally managed by evenly sharing the available bandwidth among the contending 
transmissions. Thus the allocated channel bandwidth is the MAC capacity divided by the 
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number of active transmissions that are contending for the bandwidth. Unlike the 
CSMA/CA (Carrier Sense Multiple Access/Collision Avoidance) MAC mechanism 
implemented in the NS-2’s MONARCH extension, the MAC mechanism in SSIM is 
essentially an ideal asynchronous TDMA (Time Division Multiple Access) model, where 
the channel is time-framed into time slots and each transmission session is allocated with 
a unique share of time slots.  

Because of the simplicity of the TDMA MAC mechanism for both implementation and 
analysis, it has been widely used in the QoS (Quality of Service) studies of MANETs (Lin, 
1999; Liao, 2002; Mohapatra, 2003). In the current context, despite the purpose of 
avoiding exchanging protocol messages, the centralized TDMA mechanism can also 
prevent the ripple effect, an unwelcome by-product of the event-driven fluid-oriented 
simulation. The ripple effect is described as follows. 

Consider a reference topology illustrated in Figure 4-4, where each node has three 
arrival traffic sessions. Suppose node A can communicate to node C, B and D but node C, 
B and D cannot communicate nor interfere with each other. Also suppose that the overall 
offered load of each node is temporarily greater than the node’s capacity. Now, consider a 
rate change of session f1 arrives at node A. With CSMA/CA MAC, the bandwidth 
allocated for the departure flow of session f1 is also changed because its chance of seizing 
the channel is proportional to the flow rate. Consequently, this change will affect the 
departure rate of flow f2 and f3 from node A which are the arriving flows of node C and 
node D respectively. Then the rate change of flow f2 and f3 may further propagate to their 
downstream hops and causes more rate change events. In a network where many nodes 
are overloaded, the number of flow rate changes may grow dramatically as simulation 
time elapses. Such a phenomenon is called the ripple effect in (Kesidis, 1996; Liu, 2001a).  

Mathematical analysis and simulation results have shown that when the ripple effect 
occurs in the network, the rate at which simulation events are generated in an event-driven 
fluid-oriented simulation may exceed that in the counterpart packet-oriented simulation 
(Liu, 2001a). This will undermine the original motivation of accelerating the simulation 
by applying the EDFO traffic model if it is unable to provide the performance comparable 
to the packet-oriented simulation. 
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Figure 4-4: Illustration of the ripple effect 

From the above description, it can be found that the fundamental reason for the ripple 
effect is that, when a node is overloaded, the bandwidth allocation mechanism is 
essentially dependent on the arrival rate, i.e. the bandwidth is allocated among all the 
contending flows based on their flow rates. Therefore, any rate change of one of the 
bandwidth-contending flows will change the allocated bandwidth of the other flows and 
those changes will eventually propagate to the entire network. With the TDMA MAC 
mechanism, the bandwidth is evenly shared within all the contending flows, and the rate 
change in a traffic flow does not change the amount of the time slots which have already 
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been allocated to the flow. For example, in the same scenario illustrated in Figure 4-4, 
when the flow rate of f1 changes, its departure rate is still 1/6 of the available bandwidth22. 
Therefore, the rate change doesn’t propagate to the next hop and the ripple effect is 
avoided. 

4.5.2. The Routing Model 

The routing information in SSIM is centrally computed directly based on the connectivity 
state. Therefore, distributed MANET routing protocols, such as the dynamic source 
routing protocol, the optimized link state routing protocol and the destination sequenced 
distance vector routing protocol, are not able to be simulated by SSIM. The routing model 
in SSIM maintains the network topology as a matrix: 

11 1

1

n

n nn

c c

c c

⎛ ⎞
⎜ ⎟
⎜ ⎟
⎜ ⎟
⎝ ⎠

…
 

where cij represents the connectivity between the node i and node j. If cij = 1, then node i 
and node j are within communication range of each node; otherwise, cij = 0. The routing 
module employs the NS-2’s GOD (General Operations Director) module to provide the 
shortest-path routing. When a mobility event, such as the change of the moving direction 
or speed of a node etc., happens, GOD updates the topology matrix by computing the 
all-pair shortest path using the Floyd-Warshall algorithm. Each traffic session in SSIM 
stores the current route of the transmission. After GOD updates the topology, the stored 
route of each traffic session is compared to the new topology to see whether it is necessary 
to change the current route.  

A route change of a traffic session may often cause bandwidth re-allocation of the 
channels along the transmission path, because each of these nodes’ neighbourhood nodes 
may change. Besides that, a mere location change of a node may also cause bandwidth 
re-allocation. This can be seen from Figure 4-4 in the last section. For example, given that 
the node B and node C were originally not within their communication range of 
convergence. After a period of time, suppose that the node B moved into the 
communication rage of node C, therefore the bandwidth of all the active channels in the 

                                                      
22 The bandwidth is shared among the arrival and departure traffic flows f1, f2 and f3 assuming that 
the traffic flows f4, f5, f6 and f7 don’t interfere with node A.  
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small circle region centred by the node C will be re-calculated by dividing the maximum 
radio transmission bandwidth, b, by the number of active transmission sessions. Suppose 
that there are no other active transmissions in that region except those of the node C and 
node B, and then the maximum available bandwidth for each channel is changed from b/6 
to b/12. 

4.6. The Other Models  

4.6.1. The Mobility Model 

The mobility model used in SSIM is the Random Waypoint model (RWP), which was 
originally proposed by the MONARCH group in (Broch, 1998). The RWP mobile model 
is perhaps one of the most commonly used mobility models in the MANET community, 
(Camp, 2002; Bettstetter, 2004; Lin, 2004; Zheng, 2004). The implementation of RWP in 
NS-2 is transplanted into SSIM without any major modification.  

According to (Bettstetter, 2001), the various mobility models can be categorized into 
three classes according to the degree of randomness. If models are built based on traces, 
then everything is deterministic and they are called trace based models. If there is only 
partial randomness, the models are called constrained topology based models. Here hosts’ 
movements are constrained by obstacles, pathways, etc., but speed and direction are still 
randomly chosen. If there is total randomness, they are called statistical models. Total 
randomness means that hosts can move anywhere in the area and the speed and direction 
are randomly chosen.  

The RWP model used in this research is the most widely used and studied statistical 
model. In this model, a mobile node randomly chooses a destination called waypoint and 
moves towards it in a straight line with a constant velocity which is selected randomly 
from some given range. After it reaches the waypoint, it pauses for some predefined time 
and then repeats the procedure. Therefore, the degree of mobility of a RWP model can be 
completely configured by just two parameters: the maximum speed v and the pause time p. 
The greater the values of these parameters, the more dynamic the network topology is. 
The stochastic properties of the RWP model can be found in (Bettstetter, 2004). 



 75

4.6.2. The Propagation Model 

The propagation model defines when two nodes can communicate or interfere with each 
other. SSIM adopts from NS-2 the free space propagation model, which is part of the 
MONARCH extension. The free space propagation model was proposed by Friis in (Friis, 
1946). It assumes the ideal propagation condition that there is only one unobstructed path 
between the transmitter and receiver. The received signal power (W) is calculated by 

 ( )
( )

2

2 24
t t r

r
PG GP d

d L
λ

π
=  (4.1) 

where d is the Euclidian distance between the transmitter and receiver. Pt is the 
transmitted signal power. Gt and Gr are the antenna gains of the transmitter and the 
receiver respectively. L is the system loss, and λ  is the wavelength. In the current 
simulation, Gt = Gr = 1 and L = 1. The settings for an IEEE 802.11 wireless LAN can be 
found in the NS-2 Manual (Fall, 2002). 

Each node defines the power threshold of communication Pc and the power threshold of 
interference Pi, and i cP P≤ . If the predicted received power satisfies i t cP P P≤ < , then 
the two nodes can only interfere with each other but cannot communicate. If c tP P≤ , then 
the simulator considers that they can communicate. Therefore once the parameters of 
equation (4.1) are known, the interference range ri and the communication range rc are 
completely deterministic and they form two ideal circles centred by the node. For 
example, Figure 4-5 demonstrates the free space propagation model. In the figure, the 
Node B and Node A can communicate with each other because their distance is within rc; 
similarly the node C is within the interference range of node A but out of the 
communication range, therefore node C and node A can sense each other but are not able 
to communicate; the node D is completely out of both ranges, and it can neither 
communicate nor interfere with the node A.  
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Figure 4-5: Illustration of the free space propagation model 

The centralized routing computation module queries the propagation model for 
information about whether two nodes can communicate or interfere with each other. The 
free space mode in SSIM returns a Boolean type of value which is ether 1 or 0 to indicate 
that the two nodes are able to communicate or interfere with each other, or not, 
respectively. It is worth noticing that the free space model is in fact an abstraction of these 
more refined propagation models which return a probability value rather than a Boolean 
value. With those probability models, it means that even the two nodes are indeed within 
the communication range, there is no guarantee of a perfect channel between the 
transmitter and receiver, but only a chance of successfulness in communication. These 
models are closer to the nature of radio-based communication (Gupta, 2000), and they are 
more commonly seen in detailed packet-oriented simulations. For example, alternative 
shadowing models have been implemented in NS-2 (Fall, 2002).  

4.7. Experiments  

This section empirically evaluates the accuracy and acceleration performance of SSIM. 
The methodology is to compare the simulation results of SSIM to those of NS-2. The 
simulator NS-2 is used as the benchmark for the comparison, because (i) SSIM is 
developed based on NS-2 and still bears some similarity to NS-2; (ii) NS-2 has been 
widely used and tested in the simulation studies of MANET and it has been accept as a 
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highly accurate MANET simulator in the community, e.g. see a review in (Cavin, 2002).  

In the following experiments, the simulation objective is to investigate the effects of 
varying the traffic and mobility parameters on the network capacity, i.e. measured by the 
traffic delivery ratio and the overall network throughput, as this is a common theme in the 
study of session-level applications of MANETs. The traffic delivery ratio is calculated as 
the overall fraction of the successfully transmitted traffic and all the injected traffic; and 
the throughput is calculated as the overall transmitted traffic, divided by the simulated 
time. Obviously, the two metrics are essentially the same in that they both describe the 
average transporting capacity of the network over a period of time.  

The following simulations were carried out under the scenario A defined in Chapter 3. 
All the mobile nodes are confined in a squared two-dimensioned topology and move 
according to the random waypoint mobility model. In the simulations with NS-2, the radio 
interface is by default configured to mimic Lucent’s WaveLAN with 2Mb maximum 
channel bandwidth; hence SSIM is similarly configured in order to compare results. The 
traffic sending rate during the ON state of a traffic source is constant, and the number of 
traffic sources is always kept to be one fifth of the number of nodes, e.g. 10 sources with 
50 nodes etc. Table 4-3 lists the fixed simulation parameters. All the simulations in this 
section were carried out on a Pentium III workstation with 512 MB of memory. 
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Fixed Parameters Value 

Terrain size (meter2) 8002 

Radio interference range (meter) 250 
Radio transmission range (meter) 250 
MAC capacity (Mbps) 2 
Fluid interface queue size (Kb) 500  
Mobility Model Random Waypoint 
Pause time (seconds) 200 
Average nodal speed (meter/second) 10 
Traffic model ON/OFF model 
Type of traffic during ON CBR 
Number of simulation replicas for each run 5 
Routing protocol in NS-2 AODV 

Table 4-3: Fixed parameters 

4.7.1. Accuracy  

In this subsection, the results were obtained with 1000-second length of simulation run 
with 2000-second of warming up run. The number of nodes is 5023. Because SSIM 
doesn’t generate routing and MAC overheads, the network throughput and the traffic 
delivery ratio calculated in the following experiments with NS-2 included the bandwidth 
consumption of all the routing and MAC controlling messages.  

Figure 4-6 shows the distribution of the overall throughput against the traffic sending 
rate. The dashed lines represent the simulation results of NS-2. It can be seen that before 
the sending rate reaches 40 Kb, the transmitted traffic is close to the offered traffic 
measured by both SSIM and NS-2. When the sending rate reaches 80 Kb, the network 
throughput has reached saturation. This is largely due to the CSMA/CA and the TDMA 
MAC mechanisms, which don’t allow a mobile node sending and receiving at the same 

                                                      
23 Some of these configurations are chosen arbitrarily, e.g. the proportion of the nodes serving as 
traffic sources to the overall number of nodes. Some configurations are chosen by balancing the 
time needed to carry out the experiments and the legitimacy of the results, e.g. the simulation 
length, scale, etc. This is due to the fact that to simulate an even moderate scale MANET, e.g. 100 
nodes, using NS-2 can take very a long time to finish, see 4.7.2 for examples.  
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time. The main difference of the results of NS-2 and SSIM is that after the throughput 
reaching the saturation point, the throughput calculated in SSIM almost stops increasing, 
while in NS-2 the throughput starts decreasing with further increasing offered load. This 
is because, in SSIM, the routing and bandwidth allocation are calculated centrally and the 
network itself doesn’t generate overhead traffic. While in NS-2, heavy offered load causes 
a large amount of routing and MAC protocol overheads. When increasing the traffic 
sending rate, the interval between the sent packets is very small. The CSMA/CA MAC 
protocol used in the NS-2 simulation adopts an exponential backoff scheme (Crow, 1997) 
when a collision is sensed. Hence the chance of a collision happening increases and the 
bandwidth is less efficiently utilized (Desilva, 2004). This can also be seen in Figure 4-7 
which shows the NAE in the simulation results of Figure 4-6. The discrepancy between 
the results of NS-2 and SSIM is below 10% before the traffic sending rate reaches 80. 
After that, it increases rapidly and reaches as high as 19%. But it should be noted that 
reaching saturation is an extreme case which is used here solely for the sake to compare 
the performance of the two simulators.  
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Figure 4-6: Overall throughput vs. traffic source sending rate; 50 nodes, 
10 traffic sources 
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Figure 4-7: The normalized absolute error in the simulation results of 
throughput vs. traffic source sending rate 
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Figure 4-8 shows the overall traffic delivery ratio against the mean sojourn time in the 
ON state. The traffic sending rate is fixed to 80 Kb. It can be seen that the delivery ratio 
calculated with SSIM simulation results is systematically higher than that with NS-2. This 
is because the ideal centralized TDMA MAC mechanism used in SSIM provides higher 
traffic throughput than the CSMA/CA MAC mechanism used in NS-2 when the network 
is overloaded. Despite the discrepancy, the trend that the delivery ratio decreases with the 
mean sojourn time in the ON state is retained by the SSIM, and this is an important 
validation. In fact, the distributions of SSIM in Figure 4-8 are shifted upwards compared 
to those of NS-2. This can be seen in Figure 4-9, where the NAE between the results of the 
two simulators are shown. It can be seen that the NAE stays in the level of about 7%-12% 
and 9%-14% in the cases of Exponential ON/OFF and Pareto ON/OFF traffic sources 
respectively, and shows no obvious trend of increasing or decreasing with varying sojourn 
time.  
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Figure 4-8: Overall traffic delivery ratio vs. the mean sojourn time in the 
ON state; 50 nodes, 10 traffic sources 
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Figure 4-9: The normalized absolute error in the simulation results of 
traffic delivery ratio vs. the mean sojourn time in the ON state 

In a Random Waypoint mobility model, the pause time is used to define the length of 
the period that a node stays idle after a movement. Therefore, increasing the pause time 
indicates a reduced level of mobility and consequently decreases the chance of losing 
traffic due to link break. Figure 4-10 shows the distribution of the traffic delivery ratio 
against the pause time. It can be seen that the delivery ratio obtained with both SSIM and 
NS-2 increases, though not monotonically24, with the pause time. Similar to the previous 
two experiments, Figure 4-11 shows that SSIM still has a higher the delivery ratio 
compared to NS-2 while the NAE is kept within 5%, because of their different MAC 
protocols in use. 

                                                      
24 This Thesis uses the Spearman Rank Correlation method to measure the monotonic 
relationships between data and variables. For details, see Appendix III. 
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Figure 4-10: Overall traffic delivery ratio vs. pause time; 50 nodes, 10 
traffic sources 
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Figure 4-11: The normalized absolute error in the simulation results of 
delivery ratio vs. pause time 
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4.7.2. Speedup 

As mentioned in Chapter 3, the speedup of SSIM can be measured through two aspects, 
the reduction achieved in terms of NoE (the number of events) and wall-clock simulation 
time. In order to compare the NoE generated in a simulation of NS-2 with SSIM, the 
source code of NS-2 was modified to be able to output the NoE it handles during a 
simulation, in that it originally doesn’t provide this function.  

Table 4-4 shows the NoE of a simulation run of the scenario A with length of 20 
seconds25. It can be seen that SSIM reduces the NoE about 10 times compared to NS-2. 
Figure 4-12 shows the bar plots of the results in a logarithm view. The wall-clock 
simulation times of the above simulations are recorded and listed in Table 4-5, and their 
logarithm bar plots are shown in Figure 4-14.  

The speedup magnitude is affected by the scale of the network, i.e. the number of nodes 
in the current context. As the number of nodes and traffic loads increases, the speedup 
magnitude increases. This means that SSIM achieves better scalability in terms of both 
the NoE and the wall-clock simulation time. This can be seen in Figure 4-13 and Figure 
4-15, where the speedup magnitude increases monotonically with the number of nodes.  

The better scalability of SSIM can be explained as follows. In a network simulation, the 
cost of conducting some operations is proportional to a high order of the scale of the 
network. For example the computational time for finding the shortest path between a 
single pair of randomly chosen nodes in the topology using the Floyd-Warshall algorithm 
is ( )2O n 26, where n is the number of nodes; the number of events needed to handle a rate 
change in the traffic source is proportional to the number of nodes in that the average path 
length of the traffic session, i.e. the number of hops, is proportional to the number of 
nodes (Nasipuri, 2001). These operations can be considered as expensive operations in the 
sense that the cost, in terms of NoE or running time, increases very rapidly with the 
network scale. Apart from those expensive operations, there are some other operations 
which are proportional to the network scale but they increase with the network scale at a 

                                                      
25 The simulation length here is much shorter than in the previous experiments because NS-2 takes 
a very long time to complete an even a small length of simulation when the number of nodes is 
large, e.g. greater than 500 nodes. Such a short simulation length is in general not suitable for 
evaluating network performance, but it does not affect the purpose of measuring the simulation 
speed. 
26 Note that the all-pair Floyd-Warshall algorithm is ( )3O n . 
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much slower rate than the expensive operations. In general, when the parameters of a 
simulation are decided, the proportion of the expensive to the inexpensive operations is 
determined. The experimental results show that the simulation cost to run the same length 
of simulation with SSIM increases with the network scale more slowly than that with 
NS-2, because the SSIM simulation involves a smaller proportion of expensive operations 
than NS-2 does. However, when the network scale increases, a larger proportion of 
simulation cost is spent on the expensive operations than the inexpensive operations. This 
means that in a large-scale simulation, the simulation cost consumed by the expensive 
operation becomes more and more dominant, and the proportion of total simulation cost 
consumed by the inexpensive operations becomes smaller and smaller. This can be seen in 
Figure 4-13 and Figure 4-15 where the speedup magnitude decreases and approaches to a 
limiting value, which means that as the network scale increases, the ratio between the cost 
of SSIM and NS-2 simulation approaches the ratio of the cost of handling the expensive 
events.  

 

Number of 
Nodes 

NoE in SSIM NoE in NS-2 Speedup Magnitude

50 2.58 x 104 9.75 x 104 3.78 
100 6.81 x 104 3.30 x 105 4.86 
200 1.82 x 105 1.13 x 106 6.21 
400 4.96 x 105 3.91 x 106 7.88 
800 1.36 x 106 1.35 x 107 9.94 

1000 1.89 x 106 2.02 x 107 10.7 
Table 4-4: List of the NoE recorded in the simulation run using SSIM 

and NS-2 
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Figure 4-12: The NoE vs. the number of nodes 
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Figure 4-13: The speedup magnitude in terms of NoE 
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Number of 
Nodes 

Wall-Clock 
Simulation Time in 

SSIM (seconds)

Wall-Clock 
Simulation Time in 

NS-2 (seconds)

Speedup Magnitude

50 5 26 5.56045 

100 6 57 9.49007 

200 17 191 11.27477 

400 45 735 16.48583 

800 173 2999 17.35783 

1000 270 4732 17.53961 

Table 4-5: The wall-clock time recorded in the simulation run using 
SSIM and NS-2 
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Figure 4-14: The wall-clock time vs. the number of nodes 
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Figure 4-15: The speedup magnitude in terms of wall-clock simulation 
time 

4.8. Conclusion 

This chapter has introduced SSIM, an event-driven fluid-oriented MANET simulator for 
evaluating session-level applications. SSIM accelerates the simulation through two 
approaches. Firstly, it models traffic flows as fluids, but, in contrast to most other 
fluid-based modeling approaches, uses an event-driven approach. Secondly, SSIM is 
based on NS-2 but some of the detailed NS-2 models are abstracted in order to focus 
particularly on the session-level applications and to speedup the simulation. The main 
abstraction technique used is the centralized computation, which centrally calculates the 
MAC and routing information that is otherwise computed in a distributed manner in 
NS-2.  

The experimental results show that SSIM achieves good accuracy (less than 10% in 
terms of NAE) under light network load. When the network is overloaded, SSIM tends to 
over-estimate the traffic delivery ratio and the network throughput due to the different 
MAC and routing models used in SSIM and NS-2, though the discrepancy between the 
results obtained with SSIM and those of NS-2 is well limited within 20%. Moreover, 
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compared to NS-2, SSIM generates at best about 10 times fewer events and runs about 17 
times faster than NS-2 does. The speedup performance is affected by the network scale. 
With the number of nodes and traffic loads increasing, the magnitude of speedup in terms 
of NoE and wall-clock simulation time also increase, but the increasing speed slows down 
and approaches a limiting value.  
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Chapter 5  

Time-Stepped Fluid ON/OFF Traffic 

Model 
 

 

Chapter 4 has introduced SSIM, a session-level MANET simulator using an event-driven 
fluid-oriented traffic model. It has been shown that it is able to achieve significant 
execution speedup over a pure packet-level simulator built in NS-2. This performance 
gain is achieved from the capacity of fluid-oriented representations to abstract 
packet-level details within certain time scales. On one hand, as the time scale of interest 
becomes even coarser and the network scale becomes larger, flow state changes can 
further be aggregated in the time domain, making event-driven time advancement 
inefficient. On the other hand, the traffic related events usually consume a large 
proportion of the simulation cost in a session-level MANET simulation. When the 
network scales up, the improvement in simulation time decays rapidly.  

A promising solution to further speedup the event-driven fluid-oriented simulation is 
by applying the time-stepped traffic technique (TS). In the literature, the TS traffic 
technique has been reported to be used on the simulation studies of fix-line networks and 
has achieved significant acceleration (Guo, 2000). Comparing to other simulation 
acceleration techniques, TS possesses the advantages of flexibility and being easy to 
deploy. But up to now, to our knowledge, the application of the TS approach is mainly 
limited to the simulation studies of traditional fix-line networks. Its application to the 
simulation of wireless networking is rare, e.g. (Kim, 2004). Moreover, the error and 
acceleration performance of applying TS technique was carried out in an ad hoc way by 
comparing to other simulators. A systematic approach to address these important issues is 
necessary. Motivated by this observation, a sampling based TS technique is proposed in 
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this chapter aiming to accelerate the traffic simulation of MANETs. The simulation error 
and acceleration achieved are analyzed through both theoretical and experimental 
approaches.  

The remainder of this chapter is organized as follows. Section 5.1 describes in detail the 
TS model. Section 5.2 provides an intuitive explanation of the simulation error caused by 
the TS technique. Section 5.3 analyzes the error in terms of the model mean. Section 5.4 
presents the experimental results obtained from SSIM simulations to compare the effects 
of various simulation parameters on the simulation accuracy. Finally, section 5.5 
summarizes this chapter. 

Parts of this chapter and the next chapter are based on the submitted paper (Lu, 2006). 

5.1. Introduction 

5.1.1. A Source-Level Approach 

In the event-driven simulation, a finite set E is maintained by the simulator listing all the 
events which haven’t been processed. Each event in E has a time stamp indicating the 
time at which the event should be scheduled. Let tk be the scheduled time for the kth event 
and Te,k be the time stamp reading corresponding to event e E∈  on the kth transition. 
Then the next time the simulator clock will advance to is: 

{ }1 ,min |k k et T e E+ = ∈  

While in the TS traffic simulation, the simulation time is discretized into units of length h. 
The entire span of a simulation time is typically divided into equal-sized time-steps and 
the simulation advances from one time-step to the next.  

1k kt t h+ = +  

A TS simulation can be categorized as a special case of an event-driven simulation in 
that the time-step is seen as the only event which triggers the simulator to update its states. 
An important assumption for the time-stepped simulation is that all the events in one 
time-step are simulated as if they occur simultaneously. Consequently, within one 
time-step, the order of the events is neglected. In a broader sense, the TS technique 
represents a class of approaches focusing on reducing model complexity by coarsening 
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the simulation granularity. The main appeal of such an approach is its simplicity and 
flexibility. In general, the stepped approach is not necessarily limited to the time domain 
and there are a number of varieties. For example, the concept of stepping can be applied to 
the event stream by clustering a certain number and type of consecutive events into a 
single event to reduce the number of events the simulator needs to handle. Among these 
approaches, the time-stepped methods may be the most common. 

Time-Stepper

Simulator

Fluid Traffic Model

Mobility Traffic Model

Fluid ON/OFF Traffic Time-stepped ON/OFF Traffic

Network Topography

 

Figure 5-1: Illustration of the location of the stepper 

In a TS simulation, one can imagine that there is an extra component, the time-stepper, 
to be embedded in the simulator. The term, source-level approach, is used in this Thesis to 
explicitly denote that the position of the stepper is only applied to the input models. In this 
chapter, the stepper is clearly positioned between the traffic generator and simulator. 
Figure 5-1 demonstrates the position of the time-stepper. 

One of the main advantages of applying the TS technique at the source-level is that it’s 
easier to analyze the error. This is particularly the case in MANET simulations, where 
there often are other input models and associated inaccuracies. For example, in SSIM, the 
mobility model is the other major source of uncertainty besides the traffic model, and the 
system variables in the simulator are strongly dependent on its state. The effects of the 
traffic model are excluded when the TS method is applied to the traffic sources before 
they are injected into the simulator, and this makes the error analysis more tractable. 
Another reason for explicitly pointing out at which level the time-stepped method is 
deployed is due to the fact that, in the simulation of traditional fix-line networks, applying 
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the time-stepped method often implies the choice of source-level approach (Yan, 1999; 
Guo, 2000).  

5.1.2. Solution Formulation 

In the current context, the object which the TS technique is applied to is the event-driven 
fluid-oriented ON/OFF traffic source (EDFO), and by doing so, a new time-stepped 
fluid-oriented ON/OFF traffic source (TSFO) will be generated. Following the notions 
defined in 3.2.2, the EDFO traffic model can be denoted by: 

 ( ) ( ) ( ){ }|X t I t W t t += ⋅ ∈  (5.1) 

where ( )I t  denotes the time a state-transition happens at time t, and the value of the 
process at the moment is defined by ( )W t . Now, because there are only two states: ON 
and OFF, the state space S can be conveniently defined explicitly as 1 and 0, respectively. 
So ( )I t  becomes a 0-1 indicator function: 

( )
1,       if the process is in an ON state
0,       otherwise

I t
⎧

= ⎨
⎩

 

The physical meaning of the weight function ( )W t  is the traffic generating rate at 
time t, which is defined on the domain of non-negative real numbers, + .  

( )
( ) ( )
( )

1

2 0

W t R t
W t

W t

⎧ =⎪= ⎨
≡⎪⎩

 

Therefore, according to (5.1), the value of ( )X t  is simply: 

( ),      if the process is in an ON state
( )

0,            otherwise
R t

X t
⎧

= ⎨
⎩

 

Remark 5-1 The analysis in this chapter assumes that ( ){ }R t  is second-order 
stationary27 i.i.d, and ( ){ }I t  is strictly stationary28, and they are independent from each 

                                                      
27 ( ){ }X t  is second-order stationary if the mean satisfies ( ( ))X E X tμ =  and the 
auto-covariance satisfies cov[ ( ), ( )] cov[ (0), ( )]X t X t k X X k+ =  for all t and k 
28 ( ){ }X t  is strictly stationary if the distribution of ( ( 1), ( 2),..., ( ))X t X t X t k+ + +  is the same 



 94

other. This is an important assumption on which the following analysis is based. It is 
reasonable to have this assumption in view the fact that the current simulation studies of 
Telecommunication Networks are widely using synthetic and homogenous traffic models 
(Pawlikowski, 2002). Nonetheless, one should note that this assumption is no long 
applicable in the cases of using heterogeneous traffic models or real traces because 
stationarity is no longer guaranteed under those circumstances. 

According to (Heath, 1998), the above assumption leads to: 

 ( ) ( )( ) ONPr  is in an ON period PrE I t X t⎡ ⎤ = =⎣ ⎦  (5.2) 

In the following analysis, the stationary probabilities of ( )I t  in the ON and OFF states 
are denoted as PrON and PrOFF respectively.  

Given that the length of the time-step is h, the TSFO traffic model is defined as: 

 ( ) ( ) ( ){ }ˆ ˆ ˆ |kX t I t W t t k ih k A i= ⋅ = + ∧ ∈ ∧ ∈  (5.3) 

where k is the initial condition of the TS method. The above definition implies that the 
time t is discretized into values: ,  0,1,2,...k ih i+ = , and the values of ( )Î t  and ( )Ŵ t  
can only change at the times ,  0,1,2,...k ih i+ = . So does ( )ˆ

kX t . ( )Î t  and ( )Ŵ t  
define how the state in the TSFO model is related to the original EDFO model.  

There are essentially two kinds of policies for implementing ( )Î t  and ( )Ŵ t : the 
Sampling Policy (SP) and Caching-all Policy (CP). In an event-driven simulation, the 
simulator assigns each state-transition an event which is handled immediately with a set 
of operations for updating the related system states; whereas in a TS simulation, the 
simulator only updates its states once in every time-step. The differences between SP and 
CP lie on the way of handle those state-transitions that happened in a time-step. Under CP, 
all the state-transitions are cached by the simulator and they are handled at the end of the 
current time-step. Under SP, the simulator chooses only one state-transition and discards 
all the other state-transitions; prediction is made based on only the stored state-transition, 
and then at the end of the current time-step the system state is updated based on this 
prediction. Obviously, SP assumes that the system state during the period of that time-step 
can be represented by the state of the cached state-transition.  

                                                                                                                                               
as that of ( (1), (2),..., ( ))X X X k  for each t and k. Certainly, strictly stationary implies 
second-order stationary. 
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Under SP, the sample point can be chosen arbitrarily. For example the two boundary 
points of the time-step can be used as sample points and they are called the forward 
approach and the backward approach in (Yan, 1999). In the case of CP, there are 
obviously more choices, as one could make the best use of the cached information in the 
hope that error can be reduced or compensated. Figure 5-2 illustrates the difference 
between SP and CP. Figure 5-2-(a) represents a segment of ON/OFF traffic and the traffic 
sending rate is Constant Bit Rate (CBR) during an ON state; Figure 5-2-(b) demonstrates 
the TSFO traffic under SP which chooses to use the left-hand-side boundary to represent 
the traffic state in the whole time-step; Figure 5-2-(c) illustrates the TSFO traffic under CP 
and it approximates the traffic rate within the time-step by using the average traffic rate of 
the cached rate changes. It can be seen that at each instant ih, CP accurately keeps the 
value of the total amount of generated traffic, i.e. the summation of the dark area in (a) and 
(c) are equal at ih; and SP indeed causes errors. On the other hand, there were in total 14 
state-transitions in the EDFO traffic before t = 50, 10 in TSFO under CP, and just 4 in 
TSFO under SP. Therefore, SP achieves better acceleration performance, for that the 
idely used in the QoS (Quality of Service) studies of MANETs � ADDIN EN.CITE 
<EndNote><Cite><Author>Lin</Author><Year>1999</Year><RecNum>6</RecNum>
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Figure 5-2: Illustration of SP and CP 

Simulation under CP requires more memory space and CPU time to perform the 
additional action of handling the cached state-transitions, while SP is less demanding of 
computation and memory capacity but is more likely to incur an error. Between the two 
ends of these policies one could also choose to cache only certain types of state-transitions, 
and then as soon as the current time-step ends the simulator updates the system states 
according to the accumulated effects of the cached state-transitions. A shortcoming of this 
hybrid approach is that it often requires expert knowledge to make the judgment on which 
state-transitions to cache and what actions to take. The potentially large number of 
varieties of applications and contexts makes it very difficult to have a general approach to 
error analysis which suits all applications. One the other hand, SP needs few assumptions 
on the simulated object and doesn’t need to consider the detailed meaning of each system 
state-change, though this means it could cause more errors. In view of above reasons, this 
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chapter considers the case of SP.   

Under SP, the initial condition k in (5.3) is defined as the indicator to distinguish the 
resulting TSFO traffic with different starting points. It’s reasonable to limit k in the range 
of one time-step, i.e. [0, )h . ( )Î t  and ( )Ŵ t  can now be defined explicitly as: 

 
( ) ( )
( ) ( )

( )
ˆ

       for 1
ˆ

I t I k ih
k ih t k i h

W t R k ih

⎧ = +⎪ + ≤ < + +⎨
= +⎪⎩

 (5.4) 

This means that the TSFO traffic model studied in this chapter uses the left-hand-side 
boundary state and value of the corresponding EDFO traffic model in each time-step. 
Moreover, throughout this chapter, CBR with rate R is used as the traffic sending rate 
during any ON period.  

5.1.3. The Related Works in the Literature 

There are a number of fluid-oriented simulation models in which simulation time 
advances by constant time-steps. The time-driven fluid-oriented model in (Yan, 1999) 
simulates the behaviour of every queue in the network by forming the upper and lower 
bounds for both its backlog and its departure process. At every time-step, the input 
process at a queue is modeled by two extreme cases: all traffic arrives immediately after 
the previous time-step and all traffic arrives immediately before the current time-step. The 
input traffic of a flow is flattened between any two successive time-steps. Apparently, this 
is a kind of CP approach. Their method establishes the upper and lower bounds on the 
arrival process at each queue. In a feed-forward network, the method assumes that the 
propagation delay of any link is 0, which is the case in SSIM as well. The authors also 
point out that a larger time-step size will reduce the frequency of computations but may 
introduce large gaps between the upper and lower bounds for some processes; and a small 
time-step size improves the simulation accuracy but requires more computations.  

A time-stepped hybrid simulation (TSHS), for the simulation of large-scale networks is 
proposed in (Guo, 2000). TSHS discretizes time into small time intervals and packets 
from the same session falling into the same time-step are grouped into a chunk and are 
assumed to be evenly spaced within the time-step. The authors call this approach packet 
smoothing. Packet smoothing removes the need for simulator to keep track of each packet, 
as is done in traditional packet level discrete event simulation. High resolution details that 
occur at a time scale less than the length of the time-step are ignored in TSHS. Meanwhile, 
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the total number of bytes carried by the chunk is maintained as fluid information, and is 
used to determine the chunk’s service time. The network can be evaluated at different time 
scales by choosing the length of the time-step. The computational cost is thus proportional 
to the length of the time-step. The TSHS model has a lot of similarity to the TSFO model 
studied in this Thesis, although the difference is obvious. In TSHS it is the individual 
packet information that is abstracted out of the simulation. While in TSFO, it is the 
individual state-transition information that is coarsened. 

In (Zhou, 2004), a network traffic simulator, MAYA, which integrates time-stepped 
fluid-oriented traffic simulation, is introduced. The work is based on the analytical 
fluid-based TCP model in  (Misra, 2000) and a packet-oriented simulator, QualNet 
(QualNet). Statistics of traffic flows represented as packet-oriented models are averaged 
over each time-step, and they affect the network parameters associated with the 
fluid-oriented TCP model. Moreover, the analytical fluid-oriented TCP model is 
periodically resolved with an ODE(Ordinary Differential Equation) solver to produce 
new network statistics like queue length and packet dropping probabilities. Hence, the 
packet-oriented traffic is affected by these results in the next time-step.  

In the context of wireless networking, a fluid traffic model is developed in (Kim, 2004) 
for simulation of wireless local area networks (WLAN) based on IEEE 802.11 (IEEE, 
1999). The authors define a fluid chunk in an IEEE 802.11 operated WLAN to be a busy 
period that is composed of a sequence of collision periods followed by a successful frame 
transmission time, where a collision period is in turns composed of idle slots and a 
collided RTS. The proposed model is applicable to the MAC model only, and in this sense 
it also belongs to the category of source-level approaches.  

5.2. Simulation Error: An Intuitive Explanation 

In a simulation, there are two kinds of simulation errors: the random error and the 
modeling error. The random error is caused by the input model uncertainty and it can be 
compensated by repeating the simulation a number of times to obtain a larger sample to 
make the estimation more accurate. The modeling error describes the difference between 
the models in the simulation and the real-world objectives they are mimicking. Henderson 
(Henderson, 2003) suggests that the two types of error should be treated separately 
because of their different nature. In the current context, the term simulation error is used 
to refer to the discrepancy between the TSFO ON/OFF traffic model and the EDFO 
ON/OFF traffic model.  
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To illustrate this error, consider a segment of the EDFO ON/OFF traffic with constant 
sending rate during the ON state. Suppose that the simulator needs to accurately record 
each traffic state-transition between the ON and OFF states and its moment of occurrence. 
This can be easily achieved in an event-driven simulator by defining a set of 
state-transition-events, each of which links to a state-transition. When the simulator 
detects that a state-transition is happening, it inserts the relative event in the scheduler’s 
event list. The scheduler of the simulator picks up the most imminent event from the event 
list and calls the corresponding update functions to renew the simulator’s states. If all the 
state-transitions of a discrete-event system can be linked to at least an event in the event 
set, such a system is called sufficiently modeled by the set of state-transition-events. While 
in a time-stepped approach, there is no update taking place until the end of each time-step.  

Time

Time

... ...

... ...

... ...

... ...

Even-Driven Fluid-Oriented ON/OFF process

Time-Stepped Fluid-Oriented ON/OFF process under SP

t0 t1 t2 t3 t4 t5
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+ error

- error e0 e5e4e3
e2

e1

 

Figure 5-3: Illustration of error in time-stepped ON/OFF traffic 

Figure 5-3 illustrates the error caused by the time-stepped method. The first process in 
the figure represents a section of the EDFO ON/OFF traffic between t0 to t9. Suppose each 
state-transition is defined by an event, then there are in total 10 such events that occur at 
times ( 0,1,...,9)it i =  successively. The simulation is consistent and accurate at an 
arbitrary instant as long as the simulation states are updated right after every 
state-transition-event, in other words, the process is sufficiently modeled by these events. 
The process at the bottom of Figure 5-3 shows the resulting TSFO traffic under SP with 
step size h. There are in total 3 steps during the period. The state-transitions in the 
corresponding EDFO traffic are abstracted out of the model in TSFO, and the system state 
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is updated only at the end of time-step. Thus the TSFO traffic at an arbitrary instant may 
not be identical to the EDFO traffic, but only an approximation. The discrepancies 
between the two processes are represented by the process between the two processes in 
Figure 5-3, marked with ( 0,1,2,3,4,5)ie i = . The values of these discrepancies could be 
negative or positive, which represents under-estimating or over-estimating at that point. If 
the chances of negative and positive errors happening are equal, then, in a long run, the 
simulation discrepancy will cancel out and the accumulated effects of the time-stepped 
method will tend to zero. This point will be further analyzed and validated in the 
following sections. 

5.3. Accuracy Analysis at Source-Level 

The explanation in the last section shows that the TSFO traffic is in fact an approximation 
of the EDFO traffic by sampling with coarsened timing granularity. It may be that, 
although the TSFO traffic may not reflect the true state of the corresponding EDFO traffic 
at an arbitrary instance, the difference between the overall traffic loads generated by the 
two models should be small. This section addresses this point by focusing on the accuracy 
of the model mean, which is defined in Chapter 3. The model mean of TSFO can be 
regarded as an estimator to the model mean of the EDFO. This section analyzes the bias 
and variance of this estimator.  

In the following analysis, the length of the simulation is denoted as L. Hence the total 
number of steps is N L h= ⎡ ⎤⎢ ⎥ , where .⎡ ⎤⎢ ⎥  means taking the ceiling value of the quotient. 
Note that Nh and L are usually not equal and their difference is denoted as d Nh L= − . 
Obviously, ( )1N h L Nh− < ≤ . 

5.3.1. Bias 

Consider X , the mean of ( ){ }X t  over a period L, which is defined in section 3.2.2.  
( ){ }X t  represents an EDFO ON/OFF traffic flow and X  is then the average net 

injected traffic over period L. Now, ( )ˆ{ }kX t  represents the corresponding TSFO process 
with time-step h under SP, and the sampling starts at point k. Denote ˆ

kX  as the mean of 
( )ˆ{ }kX t , and it is therefore an estimator of X . The following theorem concerns the bias 

of ˆ
kX . 

Theorem 5-1 If the initial condition k is fixed and 0d ≠ , then ˆ
kX  is a biased estimator 



 101

of X , and the asymptotic bias converges to zero when the simulation length tends to 
infinity. 

Proof: In the TSFO traffic model, the model state is assumed to be unchanged in each 
time-step. Denote ,i kZ  as the value of ( )ˆ{ }kX t  in the ith step, then by its definition, 

( ) ( ) ( ),
ˆ 1 1 1i k kZ X k i h I k i h R k i h= ⎡ + − ⎤ = ⎡ + − ⎤ ⎡ + − ⎤⎣ ⎦ ⎣ ⎦ ⎣ ⎦  

Since k is fixed, the letter k will be ignored in the rest of the proof and only be written as 

iZ . This relationship is illustrated in Figure 5-4.  
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Figure 5-4: Illustration of the bias of the mean of the time-stepped 
model 

Thus, ˆ
kX , the mean of ˆ{ }kX  over all the N time-steps, is expressed by: 

 
( )1

1

11ˆ N

k i N
i

L N h
X hZ Z

Nh Nh

−

=

⎡ − − ⎤⎡ ⎤ ⎣ ⎦= +⎢ ⎥
⎣ ⎦
∑  (5.5) 

The second part of the sum in (5.5) comes out because d is not zero and the 
time-stepped process will be truncated at the end (see Figure 5-4). 

Since ˆ
kX  is a random variable depending on ( ) ( )I t R t , and ( )R t  is independent of 

( )I t , the expectation of ˆ
kX  can be written as: 

 ( ) ( )
( )

( )
1

1

11ˆ N

k i N
i

L N h
E X hE Z E Z

Nh Nh

−

=

⎡ − − ⎤⎡ ⎤ ⎣ ⎦= +⎢ ⎥
⎣ ⎦
∑  (5.6) 

In view of (5.2), the expectation of ( )I t  is exactly PrON, the stationary probability of 
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( ){ }X t  in the ON state. Because ( )R t  is stationary and its expectation at any time is 
independent of the time, denote this value as R. Thus,  

 ( ) ( ){ } ( ){ } ON1 1 PriE Z E I k i h E R k i h R= ⎡ + − ⎤ ⎡ + − ⎤ =⎣ ⎦ ⎣ ⎦  (5.7) 

Substitute (5.7) into (5.6), and after some manipulation, it becomes: 

( ) ON
ˆ Prk

LE X R
Nh

=  

On the other hand,  

( ) ( )
PrL

ON

R t I t dt
X R

L
= =∫  

The bias is therefore: 

( ) ( ) ON
ˆ ˆbias Prk k

dX E X X R
Nh

= − = −  

It’s easy to see that ˆ
kX  is a biased estimator of X  which tends to under-estimate X  

when d is not zero. By keeping h unchanged and letting N →∞ , the influence of d 
vanishes, and the asymptotic bias converges to zero at a rate of ( )O N . 

□ 

Theorem 5-1 states that, in general, bias does exit because of the effects of d. But most 
simulation studies have far larger Nh than d, and the effect of d is very unlikely to be 
important. Therefore, in the following analysis, their difference is ignored and it is also 
assumed that 0d ≈ . 

In general, it is often necessary to simulate a simulation scenario a number of times 
with different initial conditions k and use their average to estimate the mean of the EDFO 
model. Because the initial sampling point of the TSFO traffic model could be any point 
within the initial condition set [0, )A h= , thus ˆ

kX  is also dependent on k. Given that k is 
uniformly distributed on [0, )h  and 0d ≈ , define ˆ

AX  as the expectation of ˆ
kX  with 

different k, then it can be shown the following theorem holds. 

Theorem 5-2 If the initial point k is chosen uniformly on [0, )h , and 0d ≈ , then ˆ
AX  is 
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an unbiased estimator of X . 

Proof: Because k is randomly chosen within [0, )h , the expectation of ˆ
AX  is thus: 

 ( ) ( )
0 0

1ˆ ˆ ˆPr
h h

AE X k X d X d
hξ ξξ ξ ξ

− −

= = =∫ ∫  (5.8) 

Similar to the proof of Theorem 5-1, define ,i kZ  as the value of ( )ˆ{ }kX t  in the ith 
time-step. The only difference is that ,i kZ  is now a function of both k and i. 

( ) ( ) ( ),
ˆ 1 1 1i k kZ X k i h I k i h R k i h= ⎡ + − ⎤ = ⎡ + − ⎤ ⎡ + − ⎤⎣ ⎦ ⎣ ⎦ ⎣ ⎦  

In view of (5.6), (5.8) becomes: 

 ( ) ( )1

, ,
10

11 1ˆ
h N

A i N
i

L N h
E X hZ Z d

h Nh Nhξ ξ ξ
− −

=

− −
= +∑∫  (5.9) 

By changing the order of integration and summation, and then substituting k+ih with t, 
and using the Fubini Theorem (Ledermann, 1982), (5.9) becomes: 

 ( ) ( ) ( )
( )

( ) ( ) ( )
( )

1

2
0 1

1ˆ 1
N h Nh

A
N h

E X hI t R t dt L N h I t R t dt
Nh

−

−

⎧ ⎫⎪ ⎪= + ⎡ − − ⎤⎨ ⎬⎣ ⎦
⎪ ⎪⎩ ⎭
∫ ∫  (5.10) 

Since L = Nh, (5.10) becomes: 

 ( )
( ) ( )

0ˆ

Nh

A

I t R t dt
E X

Nh
=
∫

 (5.11) 

In fact 

 
( ) ( )

0

Nh

I t R t dt
X

Nh
=
∫

 (5.12) 

Comparing (5.11) and (5.12), it can be seen that the theorem stands.  
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□ 

5.3.2. Variance 

This sub-section finds the variance of ˆ
kX  and ˆ

AX , where k A∈ . Similar to the last 
sub-section, ˆ

kX  represents the estimator based on the fixed initial point k, and ˆ
AX  

represents the average of a set of estimation made based on varying k uniformly on the 
initial condition [0, )A h= .  

First consider the variance of ˆ
kX . Because the original EDFO process is assumed to be 

stationary, the starting sampling point k doesn’t really matter. Also, the proof of Theorem 
5-2 shows that the value of ˆ

AX  depends only on the length of A. Therefore the k in ˆ
kX  

can be omitted and ˆ
kX  is written as X̂ .  

Because ( ){ }I t  is strictly stationary, it forms an alternating renewal process. Denote  

( )
1

1 N

i
Z I ih

N =

= ∑  

It’s can be seen that ˆZ X R=  because of (5.4). Regarding the variance of Z, Cox (Cox, 
1970) has proven the following result: 

Theorem 5-3 Denote ( )ONf t  and ( )OFFf t  as the probability density function (p.d.f.) of 
the sojourn time of the ON and OFF states, and their Laplace transform as ( )*

ONf s  and 
( )*

OFFf s , respectively. Also, denote ONμ  and OFFμ  as the mean sojourn time of the ON 
and OFF states. The variance of Z is: 

 ( )
( ) ( ) ( )ON OFF

2
1ON OFFON OFF

2var
m

Z mh
NN

μ μ
ϖ

μ μμ μ

∞

=

= +
++

∑  (5.13) 

where ( )tϖ  is determined by the inverse Laplace transform of ( )* sϖ  

 ( ) ( )
( ){ } ( ){ }

( ) ( ){ }
* *

ON OFF* ON OFF
2 * *

ON OFF ON OFF

1 1

1

f s f s
s

s s f s f s
μ μ

ϖ
μ μ

− −
= −

+ −
 (5.14) 
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□ 

Note that ( )var Z  only exists when the term ( )1m
mhϖ∞

=∑  in (5.13) is converging. 
With Theorem 5-3, the variance of X̂ , can be easily obtained by  

( ) ( )2ˆvar varX R Z=  

when ( )var Z  exists.  

Now let’s consider ˆvar( )AX . Since A is a continuous set, it presents difficulties for 
expressing ˆvar( )AX  directly, because the number of possible initial conditions is infinity. 
Given L as the simulation length, the time line can be discretized into small intervals with 
equal width of Δ  in such a way that there can never be more than one state-transition 
event in any Δ . With ( )R t  being fixed to R, the indicator function is denoted as: 

( ) ( )1,       whenever a state-transition happens in [ , 1 )
0,       otherwiseD

i i
I i

⎧ Δ + Δ⎪Δ = ⎨
⎪⎩

 

Denote Dh h= Δ  and DL L= Δ , and assume their residues are negligible. The 
relationships are illustrated in Figure 5-5.  

... ...
0 h L Nh

... ...Δ
Dh h= Δ

DL L= Δ

2h

Time

 

Figure 5-5: Discretizing the time line 

Thus, the initial point k can only be chosen among { }0, ,2 ,..., ( 1)DhΔ Δ − Δ . Define the 
discretized version of X  as DX , and similarly ,

ˆ
A DX  as the discretized version of ˆ

AX . 
Concerning the variance of ,

ˆ
A DX , Cochran has proven the following lemma in (Cochran, 

1963): 
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Lemma 5-1 The variance of ,
ˆ

A DX  can be expressed as  

 ( ) ( )
2

,
1ˆvar 1 1D D

A D D
D

S LX N
N L

ρ
⎛ ⎞−

= ⎡ + − ⎤⎜ ⎟ ⎣ ⎦
⎝ ⎠

 (5.15) 

where k covers uniformly the whole set { }0, ,2 ,..., ( 1)DhΔ Δ − Δ , 2
DS  is the sample 

variance of ( ){ }DX t  over length LD  

 
( )

( )

1 1 2

2 0 0

1

Dh N

D D
k i

D
D

X k ih X
S

L

− −

= =

⎡ ⎤Δ + −⎣ ⎦
=

−

∑∑
 (5.16) 

and Dρ  is 

 
( ) ( )

( )( )

1 1 1

0 0 1
2

2

1 1

Dh N N

D D D D
k i j i

D
D D

X k ih X X k jh X

N L S
ρ

− − −

= = = +

⎡ ⎤ ⎡ ⎤Δ + − Δ + −⎣ ⎦ ⎣ ⎦
=

− −

∑∑ ∑
 (5.17) 

□ 

Note that in Lemma 5-1, the variance of ( ){ }DX t  may not exist. In the case where it’s 
known that the variance ( ){ }DX t  doesn’t exist, the 2

DS  calculated over period L could 
be very large, and Dρ , which is the summation of the covariance of all pairs of ( )DX t , is 
not defined.  

If the variance ( ){ }DX t  does exist, it’s not difficult to see that by letting 0Δ→ , the 
discrepancies between ( )DI t  and ( )I t  vanishes because the sampled processes cover 
the whole ( ){ }X t  over L. Therefore, the model variance of ( ){ }X t  exists as well. In 
view of Lemma 5-1, ˆvar( )AX  cans be obtained by the following theorem. 

Theorem 5-4 If ( ){ }X t  is second-order stationary with variance 2
Xσ < ∞ , and k covers 

thoroughly the whole domain [0, )h , then: 
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 ( ) ( ) ( )
2 1

1

ˆvar 1 2
N

X
A

i
X N i i

N
σ γ

−

=

⎡ ⎤
= + −⎢ ⎥

⎣ ⎦
∑  (5.18) 

where ( )iγ  is the autocorrelation function defined as: 

 2

cov( ( ), ( ))( )
X

X k X k ihiγ
σ

+
=  (5.19) 

Proof: First consider the scenario in Lemma 5-1. Because 2
Xσ  exits, so does the 

covariance. By the definition of covariance, (5.17) can be expressed as: 

 
( ) ( )

( )( )

1 1 1

0 0 1
2

2 cov ,

1 1

Dk N N

D D
k i j i

D
D D

X k ih X k jh

N L S
ρ

− − −

= = = +

⎡ Δ + Δ + ⎤⎣ ⎦
=

− −

∑∑ ∑
 (5.20) 

By the classic Statistics Theory (Fraser, 1958): 

 
( )

2 2

1
D

D X
D

LS
L

σ=
−

 (5.21) 

Because ( ){ }X t  is second-order stationary, so is ( ){ }DX t . Therefore, the value of 
( ) ( )cov[ , ]D DX k X k t+  doesn’t depend on k, but only depends on t. Let m j i= − , 

together with (5.21), (5.20) becomes: 

 

( ) ( )

( )( )

( ) ( ) ( )

( )( )

( ) ( ) ( )

1 1

0 1
2

1
2

1

2 cov ,

1 1

2 cov 0 ,

1 1

2
1

N N

D D D
i j i

D
D D

N

D
m

D D

N

m

h X ih X jh

N L S

h N m X X mh

N L S

N m m
N N

ρ

γ

− −

= = +

=

=

⎡ ⎤⎣ ⎦
=

− −

− ⎡ ⎤⎣ ⎦
=

− −

= −
−

∑ ∑

∑

∑

 (5.22) 

By substituting both (5.21) and (5.22) into (5.15): 
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( ) ( ) ( )
2 1

,
1

2ˆvar 1D
N

X
A D

m
X N m m

N N
σ

γ
−

=

⎡ ⎤
= + −⎢ ⎥

⎣ ⎦
∑  

Finally letting 0Δ→  gives: 

( ) ( ) ( )
2 1

1

2ˆvar 1
N

X
A

i
X N i i

N N
σ γ

−

=

⎡ ⎤
= + −⎢ ⎥

⎣ ⎦
∑  

Therefore, the theorem stands. 

Another proof is by directly using the identity: 

( ) ( ) ( )2
1 1 1 1

1 1ˆvar var var 2 cov ,
N N N N

A i i i j
i i i j i

X hZ Z Z Z
Nh N= = = = +

⎡ ⎤⎛ ⎞
= = +⎢ ⎥⎜ ⎟

⎝ ⎠ ⎣ ⎦
∑ ∑ ∑∑  

□ 

Theorem 5-4 implies that the performance of any time-stepped method under SP is 
strongly dependent on the properties of the original ON/OFF traffic process. Since 
( ) 1iγ ≤ , the ratio between ˆvar( )AX  and 2

Xσ  tends to  

 

( )
( ) ( )

( )

2 2
1

2
1

ˆvar 1 2lim lim

1 2lim

1

NA

N N iX

N

N i

X
N i i

N N

N i
N N

γ
σ→∞ →∞

=

→∞
=

⎡ ⎤
= + −⎢ ⎥

⎣ ⎦
⎡ ⎤

≤ + −⎢ ⎥
⎣ ⎦

=

∑

∑  (5.23) 

If the discrepancy is measured by MISE, then the variance of the original traffic process is 
the only main source of discrepancy, because the bias introduced by using the 
time-stepped mechanism under SP is trivial.  

Equation (5.23) indicates that the converging rate of ˆvar( )AX   to 2
Xσ  is at most 

( )O N . In most cases, ( )iγ∑  is not zero, and ˆvar( )AX  converges to 2
Xσ  at a speed 

slower than linear. For example, if the both the ON and OFF period are exponentially 
distributed, Cox (Cox, 1970) proved that  
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( )
2

ON OFF

ˆvar 1 1 1lim
2 1

A

N
X

X h θ
σ μ μ θ→∞

⎛ ⎞ +
≈ + ×⎜ ⎟ −⎝ ⎠

 

where  

 
ON OFF

exp h hθ
μ μ

⎛ ⎞
= − −⎜ ⎟

⎝ ⎠
 (5.24) 

5.3.3. MISE 

With the analytical results obtained so far, it’s not difficult to obtain the MISE of ˆ
AX , 

which is the summation of the squared bias and the variance. It has been shown that the 
bias is negligible, and the variance of the model mean approaches the 2

Xσ , if it exists, 
when L tends to infinity or h tends to zero. Up to now, the variance 2

Xσ  has been assumed 
to exist, whereas this is not always true. For example, when the sojourn time of the ON or 
OFF states conforms to the Pareto distribution, the former analysis of variance is no 
longer applicable. In the experimental studies, AE (Absolute Error) is used to measure the 
discrepancy at a certain point and IAE is used to measure the integrated discrepancy 
between two data sets.  

To validate the analytical results in the previous two sections, the TSFO method is 
applied to two segments of the EDFO ON/OFF traffic generated by the traffic generator of 
SSIM, with Exponential and Pareto sojourn time respectively. Then 10 starting points are 
randomly chosen after a warming up time of 1000 seconds to obtain the TSFO ON/OFF 
traffic, which lasts 2000 and 20000 seconds respectively. The parameters of the following 
simulations are listed in Table 5-1.  
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Varying Parameters Value 

The length of warming up run(seconds) 1000 

The length of the TSFO ON/OFF Traffic  (seconds) 2000, 20000 

The length of the time-step: h (seconds) 10, 20, 50, 100, 200

μON (seconds) 3 

μOFF (seconds) 3 

Type of sojourn time Exponential, Pareto

Number of samples 10 

Sending rate: R 1 

Table 5-1: Parameter setting for simulations of source-level error 

Figure 5-6 and Figure 5-7 plot the MISE and the squared bias calculated from the 
simulations. The variances are estimated by their sample variances instead. The greatest 
bias observed is 0.02362, which happens in the case of Pareto ON/OFF traffic with the 
length of the time-step h = 200. Compared to the theoretical model mean 

 ON

ON OFF

X R μ
μ μ

= ×
+

 (5.25) 

which is 0.5 because of ON OFFμ μ= , the greatest bias is less than 5% of the theoretical 
value. 

Because all the biases are far smaller than 1, the squared biases will contribute even less 
to the MISE. Contrary to the biases, the contribution of model variance to the MISE is 
relatively dominant, and this can be observed in both Figure 5-6 and Figure 5-7. 
Particularly in Figure 5-6, where the simulation length is relatively smaller (2000 s) and 
the sojourn time conforms to a Pareto distribution, almost the entire MISE is contributed 
by its variance.  

If the simulation length is fixed, then decreasing h has the same effect as increasing N. 
In the figures, it can seen that the MISE increases with h at a rate slightly faster than linear, 
in other words, the MISE decreases while h decreases at a rate slower than linear, which 
confirms the conclusion about the converging rate of MISE from Theorem 5-4. Similarly, 
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it can be observed that by increasing the simulation length from 2000 to 20000 seconds, 
MISE decreases by about the same magnitude.  
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Figure 5-6: MISE and the Squared Bias against h, 2000 seconds 
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Figure 5-7: MISE and the Squared Bias against h, 20000 seconds 

In conclusion, the analysis in this section confirms the fact that the overall amount of 
traffic generated by the TSFO ON/OFF traffic model is converging to the generated traffic 
load in the corresponding EDFO model. The very small bias observed in the simulation 
results suggest the effects of TSFO on the overall network traffic load is small and can be 
controlled by the length of the time-step.  

5.4. Simulation Accuracy Performance at System-Level  

The previous section has studied the effects of the TSFO model on the traffic load, but its 
effects on the global simulation applications is yet to be found out. To fully understand the 
effects of the TSFO ON/OFF traffic model on the simulation, the relationships between 
the simulation parameters and the error caused by applying TSFO will be investigated 
systematically in this section.  

According to the definition of an ON/OFF fluid traffic source, it is fully configured by 
three parameters: ONμ , OFFμ  and ( )R t 29, where  ( )R t R≡  in the current applications. 

                                                      
29 The shape for the Pareto sojourn time is fixed (see Chapter 4). 
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The first group of experiments will vary R while keeping ONμ  and OFFμ  unchanged in 
order to observe the effects of R. Similarly, the second group of experiments will vary 

ONμ  and OFFμ  while keeping R unchanged to discover the effects of the mean sojourn 
time.  

The two types of scenarios defined in Chapter 3 will be employed to perform the 
experimental study. The simulation error is studied through three capacity performance 
metrics: the overall traffic delivery ratio, the network throughput, and the dropping rate of 
the interface queue in the gateway node. These metrics have been defined in chapter 4 and 
they are commonly used in session-level simulation studies to measure the network 
capacity. Table 5-2 lists all the fixed simulation parameters used in this section. In 
scenario B, the queue size of each ordinary node is set to 100 Mb, which can be 
considered as virtually infinity, so that the traffic loss on route is only due to network 
partitioning. Note that the number of nodes does not count in the gateway node in the 
scenario B, because the gateway node is geographically fixed and doesn’t generate any 
traffic.  
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Fixed Parameters Value 

Terrain size (meter2) 8002 

Simulation length (seconds) 3000 
Radio interference range (meter) 250 
Radio transmission range (meter) 250 
MAC capacity (Mbps) 2 
Fluid Interface queue size (Kb) 500  
Mobility Model Random Waypoint 
Pause time (seconds) 200 
Average nodal speed (meter/second) 10 
Traffic Model ON/OFF model 
Type of traffic during ON CBR 
Number of traffic loads 20 
Number of Nodes 100 
Number of simulation replicas for each run 5 

Table 5-2: Fixed Parameters for the Scenario A 

5.4.1. The Effects of Traffic Sending Rate  

This group of experiments focus on the relationships between the traffic sending rate R 
and the overall traffic delivery ratio and the network throughput. Apart from the fixed 
parameters in Table 5-2, ON OFF 10μ μ= =  seconds in this group of experiments. 

5.4.1.1. Scenario A 

Figure 5-8 and Figure 5-9 plot the overall traffic delivery ratio against the traffic sending 
rate with the Exponential ON/OFF and Pareto ON/OFF traffic models respectively. The 
results are obtained with two different h values: 10 and 40 seconds30. It can be seen that 
the discrepancy between the results of EDFO and TSFO fall within a small range. The 
largest observed NAE, comparing to the result of EDFO, is about 6% for the Exponential 

                                                      
30 The choice of h here is arbitrary. However, the analysis in section 6.3 will explain the 
relationships between h and the simulation accuracy and acceleration. 
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ON/OFF case and 13% for the Pareto ON/OFF case. In both cases, they happen when h = 
40 seconds. This confirms the expectation that increasing h causes greater discrepancy.  

Figure 5-10 and Figure 5-11 plot the average network throughput against the traffic 
sending rate with Exponential ON/OFF and Pareto ON/OFF traffic models respectively. 
The largest observed discrepancy measured by NAE in the Exponential ON/OFF case is 
about 8%, and 10% in the case of Pareto ON/OFF traffic. Both of them happen with h = 40 
seconds as well.  

One thing in common can be observed in Figure 5-8, Figure 5-9, Figure 5-10 and 
Figure 5-11 is that although the shape of the distributions are maintained, the results 
obtained with TSFO traffic tend to under-estimate the traffic delivery ratio and the 
network throughput than that of with EDFS traffic sources. In the figures, this is shown in 
the way that the plots of TSFO are under those of EDFO. The reason of this phenomenon 
is due to the choice of the length of the time-step, which will be explained in detail in the 
next chapter. 

Another obvious pattern is that the discrepancy is being enlarged when the traffic 
sending rate increases. To see this point more clearly, Figure 5-12 and Figure 5-13 show 
the NAE at each point of the distributions in Figure 5-8, Figure 5-9, Figure 5-10 and 
Figure 5-11. In both figures, the discrepancy, which is displayed through the NAE, 
suddenly enlarges when the traffic sending rate reaches about 80 Kbps; when the traffic 
sending rate is smaller than 40 Kbps, the discrepancy is almost trivial. This indicates that 
the error caused by TSFO in terms of delivery ratio and network throughput is very 
sensitive to network states. When the offered load of the network is near or beyond the 
saturation point31, which is about 80 to 100 Kbps in the current case, the discrepancy 
between results of TSFO and EDFO becomes more significant than in the cases when the 
offered load is below the saturation level.  

                                                      
31 It means that the network has reached its limit of transmission capacity and the overall network 
throughput stops growing up while the offered load continues to increase, and the traffic dropping 
rate grows almost linear with the offered load. 



 116

0 20 40 60 80 100 120

50

60

70

80

90

100

O
ve

ra
ll 

Tr
af

fic
 D

el
iv

er
y 

R
at

io
 (%

)

Traffic Sending Rate (Kbps)

Exponential ON/OFF Traffic
 EDFO
 TSFO, h=10s
 TSFO, h=40s

 

Figure 5-8: The overall traffic delivery ratio against the traffic sending 
rate (Exponential ON/OFF Traffic) 
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Figure 5-9: The overall traffic delivery ratio against the traffic sending 
rate (Pareto ON/OFF Traffic) 
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Figure 5-10: The average throughput against the traffic sending rate 
(Exponential ON/OFF Traffic) 
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Figure 5-11: The average throughput against the traffic sending rate 
(Pareto ON/OFF Traffic) 
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Figure 5-12: The Normalized Absolute Error in the Distribution of 
Delivery Ratio vs. Traffic Sending Rate 
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Figure 5-13: The Normalized Absolute Error in the Distribution of 
Throughput vs. Traffic Sending Rate 
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5.4.1.2. Scenario B 

Scenario B is used in this group of simulations to observe the relationships between the 
traffic rate and the dropping rate in the queue at the gateway node. The traffic generating 
rate during the ON state is set to 1 Kbps, and ON OFF 10μ μ= =  seconds. With 20 traffic 
sources, such a rate is far below the network saturation level, and therefore most of the 
injected traffic can reach the gateway node unless network partitioning32 happens and 
thus it allows the experiment to concentrate on the gateway node. Since the queue in the 
ordinary node is set to infinity, and all the traffic sources are destinated to the gateway 
node, a queue will accumulate in the gateway node when there is temporary overload in 
the gateway node.  

In order to ensure stability, the mean utilization rate at the gateway node should be kept 
smaller than 1. In view of (5.25), the theoretical expectation of the total offered traffic rate 
can be calculated by N Xλ , where Nλ  is the number of traffic loads, which yields 10 
Kbps. Hence, the service rate of the gateway node is set to 12 Kbps, which is 20% higher 
than the calculated value to ensure the queue is stable. In fact, there is no routing and 
MAC traffic in SSIM, in other words, the simulation itself doesn’t generate any traffic. 
Hence the offered load is entirely determined by the traffic sources.  

Initially, the limit of the gateway queue is set to infinity. To investigate the dropping 
rate, an arbitrary limit is set to 25 Kb. Therefore, all the traffic beyond this limit is 
calculated as dropped. Figure 5-14 illustrates that the dropping rate is calculated as the 
percentage of the accumulated area above the dotted line to the whole area.  

Figure 5-15 records the dropping rate in the gateway node queue by increasing the 
sending rate of each traffic source. A clear pattern, which can be observed from the figure, 
is that the plots with the EDFO traffic sources are shifted upwards when the 
corresponding TSFO traffic sources are used, i.e. the dropping rate is over-estimated in a 
TSFO simulation. This explains the same pattern observed in the simulations of scenario 
A, where the overall traffic loss and network throughput is determined by the accumulated 
traffic loss in the queue of each node along the traffic path.  

                                                      
32 Because the network nodes are mobile, the network topological graph may not always be fully 
connected. 
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Figure 5-14: Illustration of queue limit and dropping rate 
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Figure 5-15: Dropping rate at the gateway node vs. R 

5.4.2. The Effects of the Mean Sojourn Time 

In the last group of experiments, the traffic source rate R is the variable parameter. While 
the network is approaching the saturation point by increase R, results show that TSFO 
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causes a bigger discrepancy. This group of experiments focus on the effects of the mean 
sojourn time of the ON and OFF states in the traffic simulation. The sending rate R is 
fixed at 80 Kbps to represent the situation that the network is reaching saturation level 
with heavy offered load; and at 10 Kbps representing the case that there is no overload in 
the network. The parameter ONμ  varies among 11, 12, 13, 14 and 15 seconds. The ratio 
between ONμ  and OFFμ  is kept to 1 in this group, so that the theoretical mean of the 
traffic load doesn’t change. Since the traffic delivery ratio and network throughput are 
essentially the same type of performance metrics, only the results concerning traffic 
delivery ratio are presented.  

5.4.2.1. Scenario A 

Figure 5-16 and Figure 5-17 illustrate the relationships between the overall traffic 
delivery ratio and ONμ , with traffic sources being Exponential ON/OFF and Pareto 
ON/OFF respectively. Two groups of results are obtained with h = 10 and h = 40 seconds. 
It can be seen that the traffic delivery ratios calculated with the EDFO input traffic sources 
decrease monotonically as ONμ  increases. This is because the network is near saturation 
point with sending rate R = 80 Kbps. However, the traffic delivery ratios with the TSFO 
traffic sources are almost unaffected by ONμ .  

Similar to the results in the last group, the delivery ratio obtained in TSFO simulations 
still under-estimates the delivery ratio compared to those of EDFS; and the larger the h is, 
the greater the discrepancy is. This can be more clearly observed in Figure 5-18 where the 
NAE of the data in Figure 5-16 and Figure 5-17 is presented. It can be seen that the 
discrepancy decrease monotonically as ONμ  increases.  

Figure 5-19 and Figure 5-20 show the relationship between of the traffic delivery ratio 
and ONμ  with the traffic source rate R = 10 Kbps, which represents light offered load. 
One obvious difference from the data presented in Figure 5-16 and Figure 5-17 is that the 
delivery ratio under either EDFS or TSFS no long varies monotonically with ONμ . This 
confirms the fact that the effects of ONμ  on the traffic delivery ratio are much smaller 
when offered load is below the saturation level. Because the offered load is far smaller 
than the link’s capacity, only small queues can accumulate except when network 
partitioning happens. 

With light offered load, the NAE is also much less significant than that in an overloaded 
network. This can be seen in Figure 5-21 which shows the NAE of the data in Figure 5-19 
and Figure 5-19. The biggest normalized discrepancy is under 1.5% which is almost ten 
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times less than that in the previous cases. It is hard to observe any pattern in the 
distribution of the discrepancy against ONμ , which means that the effects of ONμ  on the 
simulation error is very weak in a network with light offered load. 
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Figure 5-16: The overall traffic delivery ratio vs.μON; Exponential 
ON/OFF traffic; R = 80 Kbps 
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Figure 5-17: Overall traffic delivery ratio vs. μON; Pareto ON/OFF 
traffic; R = 80 Kbps 
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Figure 5-18: The normalized absolute error in the distribution of traffic 
delivery ratio vs. μON; R = 80 Kbps 
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Figure 5-19: Overall traffic delivery ratio vs. μON; Exponential ON/OFF 
traffic; R = 10 Kbps 
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Figure 5-20: Overall traffic delivery ratio vs. μON; Pareto ON/OFF 
traffic; R = 10 Kbps 
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Figure 5-21: The normalized absolute error in the distribution of the 
traffic delivery ratio vs. μON; R = 10 Kbps 
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5.4.2.2. Scenario B 

In this group, simulations of the scenario B are carried out to observe the relationship 
between the dropping rate in the queue at the gateway node and ONμ . Similar to the 
setting in 5.4.1.2, the traffic generating rate R during the ON state is set to 1 Kbps, which 
means the offered load is far below the network saturation level. The service rate of the 
gateway node is set to 12 Kbps, which is a little higher than the theoretical value to ensure 
the queue is stable. The limit of the gateway queue is arbitrarily set to 25 Kb.  

Figure 5-22 and Figure 5-23 record the dropping rate in the queue at the gateway node 
by increasing ONμ , with traffic sources being Exponential ON/OFF and Pareto ON/OFF 
respectively. Two groups of results are obtained with h = 10 and h = 40 seconds. It can be 
seen that the dropping rate calculated with the EDFO input traffic sources decrease 
monotonically as ONμ  increases. However, similar to the cases in scenario A, the 
dropping ratios with the TSFO traffic sources are almost unchanged while varying ONμ . 
This is because the mean sojourn time of the TSFO traffic source is solely determined by 
the size of h, when the ratio of ONμ  to OFFμ  is fixed. This point will be analyzed in detail 
in the next chapter. 

Figure 5-24 shows the NAE of the data in Figure 5-22 and Figure 5-23. Because the 
dropping ratio with the TSFO traffic sources is almost unchanged with ONμ , the NAE 
increases at the same rate as the dropping rate decreases with ONμ  in the cases with the 
EDFO traffic source. The biggest error is observed when ON 2μ =  seconds, and it is 
about 15 times to the EDFO result.  
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Figure 5-22: Dropping rate at the gateway node vs. μON; Exponential 
ON/OFF traffic sources 
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Figure 5-23: Dropping rate at the gateway node vs. μON; Pareto ON/OFF 
traffic sources 
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Figure 5-24: The Normalized Absolute Error in the Distribution of the 
dropping rate at the gateway node vs. μON  

5.5. Summary  

The analysis in this chapter shows that the error caused by applying the TSFO model is 
tractable, because the traffic is modeled as a synthetic and homogeneous ON/OFF process. 
Moreover, the bias of the model mean tends to zero and its variance approaches the 
variance of the original model, if it exists at all. These results are consistent with intuition.  

Section 5.3 addresses the issue of error propagation set at the beginning of this chapter, 
i.e. an important appeal of the source-level time-stepped approach is that the error does 
not propagate along with the simulation run. In other words, the accumulated error will 
not be increasing while the simulation runs on, but on the contrary, the accumulated effect 
of the error will vanish. This is a very important characteristic, which is achieved because 
that, under the sampling policy, the chances of the time-stepped process under-estimating 
and over-estimating the original process are equal, and therefore in the long run, the 
cumulative effect tends to be neutral. 
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The experiments results show that the parameters R and ONμ  affect the simulation 
accuracy, which is measured by the NAE in these cases, on different aspects and in 
different manners. When the ratio of ONμ  to OFFμ  is fixed, the traffic source rate R alone 
determines the mean of the offered load. The simulation results suggest that the NAE only 
becomes significant when the network is overloaded. If the range, over which R is varied, 
is divided into two stages by the saturation point, i.e. the stage before it reaches saturation 
and the stage when it has reached saturation, there is a drastic difference in terms of the 
NAE between the two stages. Nonetheless, within each stage, there is no obvious pattern 
in the relationships between R and the error. In this sense, the impact of R on the accuracy 
is decisive.  

The effects of ONμ  on the delivery ratio are dependent on the stage of the network 
status as well. When the network is or near overloaded (R = 80 Kbps), the network 
delivery ratio decreases monotonically with ONμ . In the contrary, when R = 10 Kbps, the 
monotonic relationship is hardly observable because overload and congestion is no longer 
the major reason causing traffic data loss.  

Moreover, it has been observed, consistent with intuition, that larger h does cause a 
more significant error. The experiments also show that ONμ  has just the contrary effect, 
i.e. the NAE decreases with ONμ , which can be clearly seen in the simulations of both 
scenarios. 
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Chapter 6  

The Effects of the Length of the 

Time-Step 
 

 

The simulation results in the last chapter have shown that the effects of simulation 
parameters, the sending rate R and the mean sojourn time ONμ  on the simulation 
accuracy. This chapter focuses on the effects of the length of the time-step, h. The analysis 
in this chapter will show that h is in fact closely related to ONμ , which determines both 
the accuracy and acceleration performances of the TSFO approach.  

This chapter is organized as follows. Section 6.1 focuses on the effects of the length of 
the time-step on the simulation accuracy. Section 6.2 studies the acceleration achieved by 
applying the time-stepped fluid traffic model. Section 6.3 discusses and demonstrates 
how to choose the length of the time-step. Section 6.4 summarizes this chapter. 

6.1. Analysis 

6.1.1. The Relationship Between h and the Mean Sojourn Times 

Applying the time-stepped method under SP on an EDFO ON/OFF traffic model 
generates a new TSFO ON/OFF traffic model, which is, in fact, still an ON/OFF model. 
( )R t , the sending rate of the new TSFO mode, is the same as that of the EDFO model. 

The analysis in 5.3 has shown that the theoretical model mean, X R α= × , is unchanged. 
Here,  



 131

ON

ON OFF

μ
α

μ μ
=

+
 

The only difference lies in the mean sojourn time of the ON and OFF states, i.e. ONμ  and 

OFFμ . Denoted here the mean sojourn time of the ON and OFF periods in the TSFO model 
as *

ONμ  and *
OFFμ , respectively. Thus, 

 
*

*ON ON
* *

ON OFF ON OFF

μ μ
α α

μ μ μ μ
= = =

+ +
 (6.1) 

The following theorem concerns the relationships between *
ONμ  and α . 

Theorem 6-1 The mean sojourn time of the ON state of the TSFO traffic mode is: 

 ( )2
*
ON

1
1h

α
μ

α

⎛ ⎞−
⎜ ⎟= × +
⎜ ⎟
⎝ ⎠

 (6.2) 

Proof: Denote ( )ONY t  as the time over which is no state-change in the TSFO ON/OFF 
process from t0 to t, given that the process at t0 is in the ON state. Hence, to find *

ONμ  is 
equivalent to calculating the expectation of ( )ONY t , ( )ON[ ]E Y t . Because of the 
time-stepped method, it must be that: ( )ON ,    0,1,2,...Y t mh m= = . Therefore: 

( ) ( )ONE Y t hE m⎡ ⎤ =⎣ ⎦  

Thus, m is the number of time-steps before the first state-change happens after t0.  

Denote p as the probability of a state-change from ON to OFF happening in the TSFS 
ON/OFF process. Note that a state-change can only happen when the states of two 
consecutive time-steps are different, i.e. ( ) (( 1) )I ih I i h≠ + . Because ( ){ }I t  is strictly 
stationary,  

 ( ) ( )
( )

ON OFF
2

ON OFF

Pr 0 1p I t h I t μ μ
μ μ

= ⎡ + = ∧ = ⎤ =⎣ ⎦ +
 (6.3) 

Therefore: 

( ) ( ) ( )Pr Pr the TSFS ON/OFF process is in an ON state 1 km k p= = × −  
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where ( )Pr the TSFS ON/OFF process is in an ON state α= . Therefore,  

 
( ) ( )ON

1
lim 1

1

N
k

N k
E Y t h k p

ph
p

α

α

→∞
=

⎡ ⎤ = −⎣ ⎦

−
= ×

∑
 (6.4) 

Substitute (6.1) and (6.3) into (6.4), it can be seen that the theorem stands. 

□ 

Similarly, *
OFFμ  can be obtained from (6.1) as 

* *
OFF ON

1 αμ μ
α
−

= ×  

With (6.2), it can now be concluded that applying the TSFO approach will generate a 
new ON/OFF process which has the same model mean as the EDFO model, and the mean 
sojourn time of the new model is solely determined by the length of the time-step h and 
α .  

In the simulations using the ON/OFF traffic model, the ON period of a fluid ON/OFF 
traffic approximates a chunk of packages which otherwise have to be simulated in detail 
in a packet-by-packet simulation. The mean sojourn time of the ON state, ONμ , defines 
how long such a chunk may last. In other words, ONμ  is an indicator of the burstiness of 
the ON/OFF traffic. When the traffic load is heavy, increasing ONμ  will consequently 
increase the chance of overloading buffers in the network and therefore increase the traffic 
loss.  

For example, Figure 6-1 and Figure 6-2 plot the recorded queue content at the gateway 
node between time 1000 and 4000 second , with different types of input traffic models 
after a 1000-second warming up run. The configuration of the simulations is similar to 
5.4.2.2. First, it can be seen that the basic queueing behaviours are preserved even with 
the length of the time-step being as large as 40 seconds, though the detailed queueing 
behaviour is coarsened. For example, in Figure 6-1, the busy periods between the 1500th - 
1750th second and between the 2750th - 2500th second are accurately recorded in the 
simulations with the TSFO traffic sources, but some details are lost. Moreover, the peak 
value of the queue content in the cases with the TSFO traffic sources is higher than in the 
cases with EDFO traffic sources. This can be more clearly observed in Figure 6-3 and 
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Figure 6-4, which show the histograms of the queue content distributions (in bin counts 
rather than their percentages). The numbers of bins are 15 and 21 respectively. It can be 
seen that with the TSFO traffic source, the probability of having longer queue is higher 
than those with the EDFO traffic source. In other words, the tail of the histogram is 
heavier with the TSFO traffic source than that of using the EDFO traffic source. With h = 
40s, there are even more bin counts for queue content over 50. This is because of (6.2) 
which indicates that *

ONμ  is enlarged by increasing h.  
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Figure 6-1: Queue content against time, Exponential ON/OFF traffic 
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Figure 6-2: Queue content against time, Pareto ON/OFF traffic 
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Figure 6-3: Histogram of the queue content, Exponential ON/OFF 
traffic 
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Figure 6-4: Histogram of the queue content, Pareto ON/OFF traffic 

Now, the simulation results observed in 5.4 can be clearly explained. On the one hand, 
because of (6.2), the actual value of *

ONμ  is greater than ONμ  in 5.4. As a result, the 
generated TSFO traffic is burstier than the corresponding EDFO traffic, which causes the 
observed over-estimation of the delivery ratio and throughput. On the other hand, *

ONμ  is 
directly dependent on α  rather than ONμ . While α  is constant in the experiments in 
5.4.2, *

ONμ  remains unchanged and hence the simulation results obtained with TSFO 
sources also appear to be insensitive to ONμ . 

6.1.2. The Effects of h on the Simulation Accuracy 

The simulation results in 5.4 show that the NAE grows with the length of the time-step, h. 
In other words in accordance with intuition, simulation error is a function of h. In order to 
constrain the error caused by the TSFO method, it’s important to understand how fast the 
NAE grows with h.  

The equation (6.2) shows that *
ONμ  is proportional to h. This means that given α  is 

fixed, the EDFO process and the corresponding TSFO process are virtually the same, if h 
satisfies 
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( )
ON

21
1

h μ

α
α

=
⎛ ⎞−
+⎜ ⎟

⎜ ⎟
⎝ ⎠

 

The critical value of h for ensuring *
ON ONμ μ=  is  ON 2 3h μ= × , given that 

ON OFFμ μ= . Hence, increasing h has exactly the same effects as increasing ONμ  on the 
simulation results. In other words, to evaluate the effects of h on the accuracy of the traffic 
simulation is equal to study the effects of ONμ .  

For example, to investigate the relationships between h and the NAE of the delivery 
ratio, denote the overall traffic delivery ratio as F. From the above analysis, it can be seen 
that F is a function of ONμ . The NAE between the EDFO and TSFO process is therefore:  

( ) ( )
( )

*
ON ON

ON

NAE 100
F F

F

μ μ

μ

−
= ×  

Because ( )ONF μ  doesn’t change with h, denote it as F0. In the current context, to 
ensure speedup, *

ON ONμ μ≥  should always be satisfied. Therefore, ( ) ( )*
ON ONF Fμ μ≤ , 

and the above identity becomes: 

( )*
ON

0

NAE 1 100
F

F

μ⎛ ⎞
⎜ ⎟= − ×
⎜ ⎟
⎝ ⎠

 

Denote O as the overall offered load, P1 as the proportion of the offered load that is lost 
due to congestion and queue overflow, and P2 as the proportion of the offered load that is 
lost due to all the other reasons, such as nodal movement. Then, the mean of the delivery 
ratio can be expressed as ( ) 1 21E F P P= − − . It’s reasonable to assume that P1 is a 
function of *

ONμ  and the effect of *
ONμ  on P2, compared to that of on P1 can be ignored. 

Therefore, the mean of NAE can be expressed as a function of *
ONμ  as: 

 ( )
( )*

1 ON 2

0

1
NAE 1 100

P P
E

F

μ⎛ ⎞− −
⎜ ⎟= − ×
⎜ ⎟
⎝ ⎠

 (6.5) 

Because of (6.2), *
ONμ  is proportional to h. Therefore, the effects of h on the NAE are 

directly linked to the relationships between the loss probability P1 and the mean sojourn 
time in the ON state. In (Pitts, 2000) the authors have extensively studied the performance 
issues of queueing networks with ON/OFF traffic sources. The traffic data loss probability 
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of a single server, with Exponential EDFO ON/OFF traffic input and constant service rate 
can be expressed as: 

 
( ) ( )

( )( )

( ) ( ) ( )
( )( )

ON

ON

exp
1

1 exp
1

loss

X C R
C R

C R CR CP
R X C R

C R C
C R C

α
α

μ α

α
α α

μ α

⎛ ⎞− −
− ⎜ ⎟⎜ ⎟− −− ⎝ ⎠= ×

⎛ ⎞− −
− − − ⎜ ⎟⎜ ⎟− −⎝ ⎠

 (6.6) 

where 

R = traffic sending rate during the ON state 

C = service rate 

X = buffer capacity of the queue 

With R C≥ , it’s not difficult to see that the loss probability increases monotonically 
with ONμ . Figure 6-5 plots the theoretical value of Ploss with ONμ  varying from 1 to 100 
seconds. It can be seen that Ploss indeed increases monotonically with ONμ , but the rate of 
increase becomes slower and slower with ONμ  after the inflexion point near ON 5μ = .   
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Figure 6-5: Theoretical plot of Ploss 

Figure 6-6 plots the NAE of the distribution the delivery ratio between simulation 
results of the scenario A obtained with the EDFO and TSFO Exponential ON/OFF traffic 
sources. The mean sojourn time of the ON and OFF states of the EDFO traffic are set to 15 
seconds. The h varies among 10, 15, 20, 25, 30, 35, 40, 45 and 50 seconds. Note that the 
number of nodes is set to 50 instead of 100 in the simulations of the last section to save 
simulation time. The number of traffic loads is proportionally reduced to 10. The other 
simulation parameters are similar to the experiments in 5.4.2, which are given in Table 5-2. 
It can be seen that the NAE is almost zero when h = 10 seconds, which indicates 

*
ON ONμ μ= . Then, while h increases, the NAE increases monotonically with h. Moreover, 

the growth rate of NAE is the fastest near the starting point h = 10, then the rate decays in 
a very similar pattern to that in Figure 6-5, i.e. the plot is convex.  

In view of (6.5) and (6.6), the relationship between the NAE and h may be described by 
the empirical function as: 

( ) 3
1 2NAE exp Ph P P

h
⎛ ⎞= + ⎜ ⎟
⎝ ⎠

 

Table 6-1 lists the method of analyzing the output data fitting. The fitting results are 
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shown in Figure 6-6 and Table 6-2. 

 

Data analysis methods Value 

Number of simulation replicas for each run 5 
Measure of goodness-of-fit Sum of least squares 
Distribution of best-fit value χ2 

Confidence bonds  90% 
Table 6-1: Data analysis methods 
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Figure 6-6: NAE vs. h in the distribution of delivery ratio 
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Scenario Parameter Value Absolute Error 

P1 -4.58969 1.39694 

P2 31.70586 0.82143 NAE vs. h  

P3 -18.93742 2.21072 

Table 6-2: Fitting results for the NAE vs. h 

6.2. The Acceleration Achieved by the TSFO Approach 

This section investigates the acceleration achieved by applying the TSFO ON/OFF traffic 
on two aspects: reduction achieved in the number of events (NoE) and the wall-clock 
simulation time (WT). Compared to NoE, WT is more intuitively sensible, but its 
disadvantage is obvious, i.e. it depends heavily on the hardware and software of the 
simulation platform. NoE is a better metric as it doesn’t involve any platform-dependent 
parameters. But it should be noticed that the computational workload of different types of 
events often varies, and it’s wise to also take WT as a reference. Therefore, this Thesis 
measures the performance in terms of acceleration on both aspects.  

6.2.1. Event Reduction 

6.2.1.1. Source-Level Event Reduction 

In an event-driven simulation, each change of the sending rate of the fluid traffic source 
triggers an event calling the simulator to handle the change and update its dependent 
components. This will only happen at that point when the state of the traffic model 
changes between ON and OFF, because the traffic rate is constant during an ON state. 
Therefore the NoE generated by a single fluid traffic source is exactly the NSC (number 
of state-changes) over the period of simulation and the simulation cost is proportional to 
the NSC as well.  

Following the definition in Chapter 3, define ( )ONNSC t  and ( )OFFNSC t  as the 
number state-changes from state ON to state OFF and from state OFF to state ON up to t, 
respectively. Therefore 
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 ( ) ( ) ( )ON OFFNSC NSC NSCt t t= +  (6.7) 

Denote the average rate of state-changes as: 

 
( )( )NSCE t

N
t

=  (6.8) 

The analysis in Chapter 6 has shown that the EDFO traffic generates a new ON/OFF 
fluid traffic which has different mean sojourn time in the ON and OFF states. For this new 
ON/OFF process, a ‘star’ is put on the right top of the variable to represent the same 
variables in the corresponding TSFO model, e.g. ( )*NSC t , ( )ONNSC t , ( )OFFNSC t  
and *N , etc. This gives 

 ( ) ( ) ( )* * *
ON OFFNSC NSC NSCt t t= +  (6.9) 

and  

 
( )( )*

*
NSCE t

N
t

=  (6.10) 

Then, concerning the magnitude of the source-level event reduction of TSFO model, i.e. 
the ratio between N  and *N , the following theorem applies. 

Theorem 6-2 Denote ONμ  and OFFμ  as the equilibrium mean sojourn time of the ON 
and OFF states respectively and assume ON OFF,μ μ < ∞ . As the simulation length 
approaches infinity, the asymptotic ratio of the rate of state-changes between the EDFO 
model and the TSFO satisfies: 

 *

N hr
N

=  (6.11) 

where h is the length of the time-step, and r is: 

 ON OFF1 1r μ μ= +  (6.12) 

Proof: It is obvious that the difference between ( )ONNSC t  and ( )OFFNSC t  is at most 
one. Therefore it is only necessary to evaluate one of them, say ( )ONNSC t . Because both 



 142

the p.d.f of the ON and OFF processes are statistically independent, the ON/OFF fluid 
process forms an alternating renewal process. Thus, from (Cox, 1970), both the stationary 
rates of the number of state changes from ON to OFF and from OFF to ON exist, and such 
an alternating renewal process will eventually converge to a unique equilibrium state. The 
state change from an ON period to an OFF period can only happen after each pair of 
consecutive ON and OFF periods, therefore: 

 ( )( )ON
ON OFF

NSC tE t
μ μ

=
+

 (6.13) 

Taking together (6.8) and (6.13), it gives: 

 ON OFF
ON OFF

1N N
μ μ

= =
+

 (6.14) 

The identity (6.14) can also be obtained from first principles.  

On the other hand, consider the corresponding TSFO ON/OFF fluid process obtained 
with the length of the time-step being h. Denote the number of time-steps in a simulation 
run as N. Note that state-change only happens when the states of two consecutive 
time-steps are different. Therefore, it is equivalent to have N Bernoulli trials with 
probability of success, ( ) ( )Pr[ 1 0]p I t I t h= = ∧ + = . Since ( ){ }I t  is strictly stationary, 
then: 

 
( )

ON OFF
2

ON OFF

p μ μ
μ μ

=
+

 (6.15) 

Hence the probability of *
ONNSC k=  conforms to the binomial distribution: 

( ) ( )*
ONPr NSC ; ,k b k N p= =  

whose expectation is  

 ( )
( )

* ON OFF
ON 2

ON OFF

NSCE t N μ μ
μ μ

⎡ ⎤ =⎣ ⎦ +
 (6.16) 

Therefore, the average NSC over the period of L is: 
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( )

( )

*
ON* *ON OFF

ON OFF2
ON OFF

NSC 1E L
N N

L h
μ μ

μ μ

⎡ ⎤⎣ ⎦= = =
+

 (6.17) 

Comparing (6.14) and (6.17), it can be seen that  

 ON OFF ON OFF
* *
ON OFF ON OFF

N N h hr
N N

μ μ
μ μ

+
= = =  (6.18) 

In view of (6.7) and (6.9), the ratio between the total number of state-changes remains 
the same because both the denominator and numerator are multiplied by two. Therefore, 
the theorem stands. 

□ 

To validate the conclusion of Theorem 6-2, segments of the EDFO and the 
corresponding TSFO traffic are generated by the traffic generator of SSIM with 
Exponential and Pareto sojourn time respectively. The parameters of the experiment are 
listed in Table 6-3. 

 

Parameters Value 

Warmup length (seconds) 1000 

Traffic  length (seconds) 6000 
h (seconds) 10, 20, 30, 40, 50, 60, 70, 80, 90, 100
μON (seconds) 3 
μOFF (seconds) 3 
Type of sojourn time Exponential, Pareto 
Number of samples 10 
R(t) 1 

Table 6-3: Parameter setting for simulations of source-level event 
reduction 

Figure 6-7 plots the ratio *N N  against varying h. Table 6-4 lists the linear fitting 
results using an experimental function:  
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y A Bx= +  

The linear relationship mentioned in (6.11) can be observed clearly with both types of 
sojourn time. The fitting results show that the event reduction rate in the Exponential 
ON/OFF case increases at rate about 0.68, which is very close to the theoretical value 0.67 
obtained by (6.12). However, the NSC reduction ratio of the Pareto ON/OFF traffic is 
0.54, which is smaller than that of the Exponential ON/OFF traffic. This is due to the fact 
that the sample size of the Pareto EDFO ON/OFF traffic model is 766, which is much 
smaller than that of the Exponential model: 2047. In the case of Exponential ON/OFF 
traffic, 2047 conforms very well to the theoretical limiting value 2000, which is calculated 
by (6.13); while in the case of Pareto ON/OFF traffic, the observed NSC, which is 766, is 
significantly smaller than the theoretical value because of the very large variance emerged 
in the experiments, which consequently causes the smaller NSC reduction ratio.  
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Figure 6-7: The system-level event reduction rate vs. h 
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Scenario Parameter Value Absolute Error

A 0.54196 1.1976 
Exponential ON/OFF 

B 0.67677 0.0193 

A 0.62295 1.59592 
Pareto ON/OFF 

B 0.53603 0.02572 

Table 6-4: Linear fitting results of the source-level event reduction of 
TSFO 

6.2.1.2. System-Level Event Reduction 

This section investigates the overall achievable NoE reduction in a SSIM simulation by 
applying the TSFO traffic model. The last sub-section has shown that the source-level 
event reduction introduced by the TSFO approach is linear to h. Yet, this linear growth of 
the event reduction rate is hardly achievable at the system level, because in a MANET 
simulation, apart from the traffic models, there are other input models, such as the 
mobility model, also contributing simulation events. Therefore, it’s important to know 
how much acceleration can be achieved at the system-level.  

The performance benchmark was the SSIM simulator using the EDFO ON/OFF traffic 
model, as the focus is the acceleration performance of the time-stepped method. 
Throughout this section, the scenario A was used. The other fixed simulation parameters 
are listed in Table 6-5. 
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Fixed Parameters Value 

Terrain size (meter2) 8002 

Simulation length (seconds) 500 
Radio interference range (meter) 250 
Radio transmission range (meter) 250 
MAC capacity (Mbps) 2 
Fluid Interface queue size (Kb) 500  
Mobility Model Random Waypoint 
Pause time (seconds) 200 
Average nodal speed (meter/second) 10 
Traffic Model Exponential ON/OFF 
Type of traffic during ON CBR 
h (seconds) 10, 40 
μON (seconds) 3 
μOFF (seconds) 3 

Table 6-5: Fixed parameters for experiments of testing the acceleration  

Figure 6-8 records the overall NoE in a simulation of length 500 seconds. It can be seen 
that using the TSFO traffic source gives a system-level event reduction of about 2 to 4 
times. However, further reduction caused by increasing h is moderate.  

Figure 6-9 shows the magnitude of event reduction against the length of the time-step. 
When h increases from 10 to 40 seconds, the event reduction rate grows nearly linearly 
with h. Then after h reaches 40 seconds, the event reduction rate grows very slowly and it 
shows signs of reaching a saturation level. Theorem 6-2 has shown that the event 
reduction rate at the source-level is linear to h, but at the system-level, apart from the 
traffic events, the events generated in a MANET simulation come from several sources, 
such as simulation overheads and other external input models. One of the other major 
external sources is the mobility model and the NoE generated by the mobility model 
doesn’t depend on the traffic model. Since the mobility model hasn’t changed, the NoE 
related to the mobility model has not changed either. That’s why the event reduction rate 
obtained by merely reducing the input traffic model doesn’t achieve linear growth with h.  

Moreover, another important factor degrading the event reduction rate is the simulation 
overheads, which includes administration, synchronizing searching and sorting 
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operations. These are proportional to the number of operational events, e.g. I/O events. 
Simulation overheads will also increase when the network is scaled up. In SSIM, the 
network scale can be measured by two variables: the number of nodes and the number of 
traffic sources.  

To investigate the effects of simulation overheads, simulations were carried out and 
used to record the event reduction rate achieved by varying the number of nodes and the 
number of traffic sources, see Figure 6-10 and Figure 6-11 respectively. Figure 6-10 
shows the obvious degrading of event reduction rate with the number network nodes, and 
as the number of nodes increases, this degrading gets faster. Note that this is caused by the 
scaling up of the network and the number of traffic sources is kept unchanged. Figure 6-11 
plots the event reduction rate against the number of loads, while keeping the number of 
nodes unchanged. The event reduction rate increases rapidly with the number of sources 
because while the mobility model is unchanged, increasing the number of traffic sources 
only adds to the proportion of the events in the simulation contributed by the traffic 
sources. In both Figure 6-10 and Figure 6-11, the differences in event reduction rates of h 
= 10 and h = 40 seconds becomes smaller as the network scales up. This confirms that 
although the source-level time-stepped method can reduce the overall NoE, it cannot 
avoid the growth of simulation overheads. 
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Figure 6-8: System-level NoE vs. h 
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Figure 6-9: System-level NoE reduction rate vs. h 



 149

0 200 400 600 800

2.0

2.5

3.0

3.5

4.0

N
oE

 R
ed

uc
tio

n 
R

at
io

The Number of Nodes

 h=10 seconds
 h=40 seconds

 

Figure 6-10: System-level NoE reduction rate vs. network scale 
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Figure 6-11: System-level NoE reduction rate vs. the number of traffic 
loads 
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6.2.2. Wall-Clock Simulation Time Reduction 

This section investigates the acceleration in terms of WT achieved by using the TSFO 
traffic sources. Similar to the last section, the performance benchmark was the SSIM 
simulator using the EDFO ON/OFF traffic sources. The scenario A was used and the fixed 
simulation parameters are listed in the Table 6-5 in 6.2.1.2.  

6.2.2.1. Scalability 

Prior to investigating the time reduction achieved by using the TSFO ON/OFF traffic 
sources, it is necessary first to have a look at the scalability performance of SSIM. Figure 
6-12 records the WT of SSIM against the number of nodes. The number of nodes varies 
among 50, 100, 200, 400, 800 and 1000. Note that the number of traffic sources remains 
proportional to 20% of the number of nodes, e.g. 10 sources in a simulation of 50 nodes 
and 20 sources in a simulation of 100 nodes, etc.. It can be seen in the figure that the WT 
grows at a faster than linear rate with the number of nodes. To estimate this rate, define the 
allometric empirical equation as: 

cT a bn= +  

where T is the wall-clock simulation time, n is the number of nodes, and a, b and c are 
parameters to be decided by the experimental results. The fitting results are listed in Table 
6-6. It can be seen that the wall-clock simulation time of SSIM increases with the number 
of nodes at a rate of ( )cO n , where 1.99 0.00625c = ± . This means that the simulation 
time is about proportional to the square of the number of nodes.  
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Figure 6-12: Scalability performance of SSIM with the original traffic 
model 

Scenario Parameter Value Absolute Error 

a 16.27353 2.55545 

b 0.04052  0.00175 

Running Time vs. 
The Number of 

Nodes  c 1.99294  0.00625 

Table 6-6: Allometric fitting results for the scalability performance of 
SSIM with EDFO traffic sources 

The simulation was repeated with TSFO traffic sources and the lengths of time-steps 
were 10 and 40 seconds respectively. The simulation results are recorded in Figure 6-13 
and the same allometric fitting results are listed in Table 6-7. It can be seen that the scaling 
rate of WT with the TSFO traffic sources remains almost exactly the same as the previous 
one which uses the original traffic model. This indicates, unsurprisingly, that the TSFO 
technique doesn’t change the scalability characteristics of the system-level simulation, 
because it is a source-level acceleration approach it’s effects are limited only to the input 
traffic sources. 
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Figure 6-13: Scalability performance of SSIM with the time-stepped 
traffic model 

Scenario Parameter Value Absolute Error 

a 11.22596 1.64779 

b 0.02579 0.00118 

WT vs. The Number 
of Nodes, TSFO, h = 

10s c 1.99386 0.00662 

a 35.95965 3.64639 

b 0.01075  0.00201 

WT vs. The Number 
of Nodes, TSFO, h =  

40s c 2.09106  0.0271 

Table 6-7: Allometric fitting results for the scalability performance of 
SSIM with TSFO traffic sources 

6.2.2.2. The Simulation Time Reduction Rate 

In addition to studying the growth of wall-clock simulation time as the network scales 
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up, it’s also interesting to know how much the simulation time can be reduced by 
increasing h.  

Figure 6-14 and Figure 6-15 compare the WT recorded with EDFO and TSFO traffic 
sources. The simulations were conducted with two different numbers of nodes: 100 and 
400 nodes respectively. It can be seen that the best reduction rates in both cases are 
achieved with h = 100 seconds, which means the simulations with TSFO traffic sources 
took only about half of the time of the simulation with EDFO traffic source to finish a the 
same length of simulation. 

An obvious trend observed in Figure 6-14 and Figure 6-15 is that the reduction rate 
becomes slower when h increases. In order to find out how fast the WT reduction rate 
degrades with h, it is necessary to make a guess at the empirical equation. It was 
mentioned in the analysis of event reduction that a time-stepped source can only reduce 
that part of the whole simulation cost which relates to the traffic model. The rest is 
virtually unaffected. Denote the simulation time as T, then presume that this T consists of 
three parts: 1 2T T T C= + + . Assume that 1T  represents the part which is related to the 
input traffic model, 2T  represents the rest part which is not, and C is a constant which 
does not change with any parameters. Assume that changing 1T  has no or very little 
effect on 2T . Denote the percentages of 1T  and 2T  with respect to T as a and b 
respectively and the simulation time becomes T aT bT C= + + . Now guess that 1T  
changes with h at a constant rate -c and estimate the value c through simulation. If h is 
changed, the reduced simulation time 'T  may be expressed as 

' ,    1cT aTh bT C a b−= + + + ≤  

Note that the second part 2T  is unchanged. In view of the boundary condition 0h → , 
'T T→ , it must be true that 0C → . Define the speedup rate as γ, and then the allometric 

empirical function applies: 

 
'1 cT ah b

Tγ
−= = +  (6.19) 

Figure 6-16 plots the recorded results of the reciprocal of γ when the number of nodes is 
100 and 400 respectively. Their fitting results are listed in Table 6-8. In both cases, 1/γ 
decreases with h at a rate a little above linear, which means that γ, the time reduction rate, 
increases with h at a rate slightly less than linear. Moreover, when the network scale 
grows from 100 to 400 nodes, the time reduction rate also decays. The fact that fitting 
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results fit quite well with the observed data suggests that the guess of the structure of the 
simulation indeed reflects the true structure of the simulation time, i.e. there are parts of 
the simulation cost which are independent of the traffic source model. Some of these parts 
are more closely related to the scaling parameters, such as the number of nodes, because 
the time reduction rate decays as the network scales up.  
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Figure 6-14: The comparison of the WT with EDFO and TSFO traffic 
sources, the number of nodes = 100 
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Figure 6-15: The comparison of the WT with EDFO and TSFO traffic 
sources, the number of nodes = 400 
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Figure 6-16: Results of 1/γ vs. h 
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Scenario Parameter Value Absolute Error 

a 2.41181 0.1749 

b 0.57951 0.00357 
1/γ vs. h 

100 nodes 
c 1.06084 0.03548 

a 2.30822 0.3663 

b 0.58155 0.00602 
1/γ vs. h 

400 nodes 
c 1.10926 0.07655 

Table 6-8: Allometric fitting results with the 100 nodes 

6.3. Choosing the Length of the Time-Step 

6.3.1. The Critical Point to Ensure Acceleration 

Intuitively, the TSFO technique reduces the complexity of an EDFO traffic model by 
sacrificing the modeling granularity in certain way. It has been shown in the previous 
sections that the length of the time-step is the key for trading off between the simulation 
accuracy and efficiency. On one hand, Theorem 6-1 states that the corresponding TSFO 
source is an ON/OFF process with different mean sojourn time, e.g.: 

( )2
*
ON

1
1h

α
μ

α

⎛ ⎞−
⎜ ⎟= × +
⎜ ⎟
⎝ ⎠

 

Therefore, to make *
ON ONμ μ= , it must have: 

 
( )

ON
21

1
h μ

α
α

=
−

+

 (6.20) 

where  

 ON

ON OFF

μ
α

μ μ
=

+
 (6.21) 
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On the other hand, denote Eθ  as the event reduction rate achieved by the TSFO 
approach. Then Theorem 6-2 shows that Eθ  is linear in h.  

 ( )ON OFF1 1E hθ μ μ= +  (6.22) 

Substitute (6.20) and (6.21) into (6.22), it becomes: 

 
( )2

1
1
1

1
E

αθ
α
α

−=
−

+

 (6.23) 

Hence, to ensure that the TSFO approach indeed reduces the number of events, it is 
only necessary to solve the inequality: 1Eθ > . In view of (6.23), the inequality is: 

3 22 3 1 0α α α− + − >  

which yields  

 0.4303α >  (6.24) 

This means that as long as (6.24) is satisfied, using the TSFO traffic source can reduce 
the input NoE. Moreover, if h is assigned the value calculated according to (6.20), the 
TSFO traffic is almost the same as the corresponding EDFO traffic model. 

For example, if ON OFF 10μ μ= =  seconds, than by choosing 0.67h =  the TSFO 
traffic has the same mean sojourn time of the ON and OFF states as the corresponding 
EDFO traffic, but generates 1.33Eθ =  times fewer events than that generated by EDFO.  

6.3.2. The Case that TSFO is Less Efficient than EDFO 

An earlier study (Wu, 2003) of the time-stepped techniques on large-scale network 
simulation has suggested that the length of the time-step should be large enough so that 
there is always more than one state-change happening on average in a time-step to ensure 
acceleration. The analysis in the last section shows that acceleration can be achieved by 
using TSFO only if h is chosen properly.  

For example, Figure 6-17 plots the recorded WT of the simulations of scenario A using 
the configuration listed in Table 6-5 with EDFO and TSFO traffic sources respectively. 
The mean sojourn time of the ON and OFF period is 10 seconds in the EDFO model. 
Therefore, according to (6.20), the critical value of h to ensure acceleration is 6.67 
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seconds. This can be seen in Figure 6-17, where the dotted horizontal line represents the 
WT of the simulation with EDFO traffic model and the simulation becomes less efficient 
with TSFO traffic sources when the length of the time-step is smaller than 6 seconds.  
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Figure 6-17: An example of the case when TSFO is less efficient than 
EDFO 

6.4. Conclusion 

The analysis and simulation results in this chapter have shown that the TSFO traffic 
model can reduce the number of events compared to the EDFO traffic model, and thus 
speedup the simulation. Because the TSFO model is applied at the source-level, both of its 
positive and negative effects on the simulation are limited. This is confirmed by the 
experimental results obtained with SSIM, which show that the scalability characteristics 
of the simulator is not changed by using the TSFO model, although the simulation error is 
also moderated.  

The length of the time-step is the most important parameter in applying the 
time-stepped technique. This chapter focuses on its impacts on the simulation accuracy 
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and acceleration performances. Theorem 6-1 and Theorem 6-2 describe the key role 
which the length of the time-step plays in balancing the error and acceleration caused by 
using the TSFO traffic source. On one hand, the event reduction rate increases linearly 
with h. On the other hand, the discrepancy between the mean sojourn time of the ON and 
OFF state, which reflects the magnitude of the simulation error caused by TSFO, is also 
linear in h.  

These results are helpful in choosing the best value of h. For example, one can use a 
cost function to evaluate the overall simulation cost. A cost function may be defined as: 

C A E= −  

where A represents the benefit obtained by using acceleration techniques, E represents the 
loss caused by the error introduced by the acceleration techniques and C represents the 
overall benefit. In the current context, they are all functions of h, and the objective is 
simply to maximize C.  
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Chapter 7  

Conclusions and Future Work 
 

 

The first part of this chapter summarizes the main contributions reported in this Thesis 
and discusses their significance and limitations. Then, possible future work is addressed 
in the second part of the chapter. 

7.1. Contributions and Discussion 

In this Thesis, a multi-resolution simulation approach is proposed to meet the different 
levels of requirements for simulation speed and accuracy. Three abstraction levels are 
projected on the traffic models, i.e. event-driven fluid-oriented traffic model, 
time-stepped fluid-oriented model, and time-stepped fluid-oriented model with larger step 
sizes. Compared to the detailed packet-oriented simulation, they represent, from lower to 
higher, three abstraction levels.  

The basic network traffic is modeled as fluid flows. The typical difficulties of a fluid 
simulation are the losing of individual packet-level details and the ripple effect. SSIM 
adopts the centralized computing techniques to simulate the effects of distributed protocol 
behaviours, such as MAC and routing protocols, which would otherwise rely on 
exchanging packets to keep the states of the protocols up to date. The issue of the ripple 
effect is tackled by introducing an ideal asynchronous TDMA-type MAC mechanism 
which evenly shares the bandwidth among all the contending transmissions. Hence, a 
traffic rate change in a source will not trigger bandwidth re-calculation and the cause of 
the ripple effect is avoided. The limitation of centralized computing technique means that 
there is no protocol overhead in the simulated MANET. As a result, the network capacity 
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metrics such as traffic delivery ratio and throughput calculated based on SSIM results are 
in general higher than those based on packet-oriented simulation results.  

A time-stepped fluid-oriented (TSFO) ON/OFF traffic model is proposed to further 
accelerate the simulation at the session-level. In this Thesis, the TSFO ON/OFF traffic 
model is based on the sampling policy, which means that the traffic rate is kept unchanged 
to a sampled value in each time-step rather than the average value over the time-step. 
Under the sampling policy, the bias of the model mean with TSFO traffic sources tends to 
vanish as the length of the simulation increases. It has been shown that the traffic delivery 
ratio and the network throughput are very sensitive to the mean sojourn time of the ON 
and OFF states.  

The greatest advantage of the time-stepped approach is that it provides a very 
convenient way of trading off the simulation granularity for speed by adjusting the length 
of the time-step. Validation is the central issue in applying time-stepped technique. This 
Thesis systematically investigates the effects of simulation parameterizing and 
particularly the length of the time-step on the simulation accuracy and efficiency. The 
analytical results prove that while both the length of the time-step and the nature of the 
simulated system have significant effect on simulation errors, their influences are 
different. The length of the time-step acts as the key factor for adjusting the simulation 
granularity and its effect on simulation is fundamental, whereas the uncertain nature of 
simulated systems define the relationship between the length of the time-step and 
simulation error. The analytical results are supported by experimental results using SSIM. 
A key contribution is that it provides a formal procedure to choose the length of the 
time-step so that the mean sojourn times of the ON and OFF states of a TSFO ON/OFF 
traffic source are statistically approaching to those of an EDFO ON/OFF traffic source.  

7.2. Future Work 

In general, a multi-level framework is an effective tool for interpreting and analyzing the 
simulation objective. One major difficult issue is how much detail of the simulation 
objective should be involved in the framework. For example, the multi-level framework 
proposed in this Thesis focuses on the traffic model, despite the fact that there are other 
network models which maybe abstracted, e.g. routing, MAC and radio models etc. Since 
traffic issues are the focus of this research, the multi-level resolution framework proposed 
in this Thesis can be easily transplanted and applied to traffic simulations of other types of 
networks, e.g. the conventional high-speed wired networks, or other new types of 
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networks. However, the limitation imposed by directly involving the simulation 
objectives in the framework is obvious, i.e. this multi-framework is no longer applicable 
to those simulations focusing on objectives other than traffic models. In those cases, new 
frameworks have to be developed to address the new simulation objectives.  

The event-driven fluid-oriented traffic model that was used in this research can indeed 
accelerate the overall simulation. However, as mentioned in chapter 4, some types of the 
traffic delay/jitter properties are lost because of the innate limitation of the fluid traffic 
model. A possible way of solving this problem is through a hybrid simulation, which is to 
simulate the background traffic in fluid flows and model these traffic flows that must 
carry the full packet information at the packet level. The challenge faced by such a hybrid 
system is in handling the interactions between packet flows and fluid flows. Some work 
has been reported in the literature, e.g. (Kiddle, 2003; Zhou, 2004), but these focus on the 
simulation of wired line multiplexing networks with small scales, and less complicated 
topology, e.g. dumb bell. It is yet to be found out whether the hybrid simulation technique 
can really accelerate the simulations of MANETs. 

Modeling and simulation of MANET at high abstraction levels can improve the 
simulation performance in terms of the number of events it generates and the wall-clock 
time it takes to finish the simulation. Nevertheless such speedup is achieved at the cost of 
compromising the simulation accuracy and losing some details. When the requirements 
on the simulation accuracy and speed are less flexible, parallel and distributed simulation 
(PADS) is possibly the only feasible solution which can meet the requirements. The 
EPSRC project “Whole System Modelling of Large-Scale Communication Networks for 
What-If Evaluation” has started investigating the possibility of developing a simulator of 
large-scale networks, based on NS-2, with user-end transparent parallel capacity. The 
most important task of using PADS is to balancing the workload over all the processors. 
Other key technique challenges include large-scale scenario definition, heterogeneity, 
visualization, and measurement processing, etc.  

One of the main differences between a MANET simulation and a conventional fix-line 
network simulation lies on the dynamic topology of MANETs. In order to mimic the 
mobility characteristics, synthetic mobility models are widely used in the MANET 
community, e.g. the Random Waypoint model and the random walk model. Some of those 
mobility models have been shown to possess certain tractable mathematical properties, 
which may be utilized to further reduce the simulation complexity. For example, in 
(McDonald, 1999), the authors obtained analytically that the distribution of a link break 
event occurring under the Random Waypoint Mobility Model conforms approximately to 
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the Raleigh distribution. Hence, in a coarse-grained simulation focusing on the effects of 
mobility on the traffic quality, the route breaks can be generated directly by the 
distribution rather than simulating the detailed nodal movements. Such technique is 
essentially a hybrid approach because it combines both the analytical and experimental 
methods; and it has been applied to emulation of MANETs, e.g. (Zhang, 2002; Liu, 2004). 

On the model abstraction techniques, there are still several challenges to be tackled in 
the future. The fundamental purpose of model abstraction techniques is to ensure the 
models developed for the task are not more complex than they need to be. This leads to the 
difficult problems of measuring the model complexity. Model complexity can be related to 
the difficulty of understanding the system being modeled or the number of parts and 
elements that the system contains. There have been several measures of model complexity 
proposed in the literature (Chwif, 2000). However these measures are associated with a 
specific model representation technique and none of them covers all aspects of 
complexity in a model. Currently, there are no existing standard measures which are 
widely accepted. This suggests that discussion and research are still needed in the future 
for better measures of model complexity. 

7.3. Final Remarks 

Previously, model abstraction has been shown to be an effective approach for accelerating 
the simulation of conventional wired networks. However, the lack of a systematic 
procedure for analyzing the simulation error introduced by the model abstraction 
technique has limited its application for more complex communication systems such as 
MANETs. This Thesis broadens the applications of model abstraction techniques to 
MANET simulations by introducing a multi-resolution simulation framework based on 
model abstraction techniques. These techniques are implemented in SSIM, a session-level 
MANET simulator. The simulation error is analyzed through both analytical and 
experimental methods. The study results have shown that the multi-resolution simulation 
solution and SSIM offer an effective and realistic simulation tool for researchers to 
investigate the traffic issues in MANET at different abstraction levels. 

Moreover, the advantages and disadvantages discussed in this section suggest that the 
techniques proposed in this Thesis are not a universal solution to all applications, and they 
must be applied in the proper context. For users who place a high demand on a simulator’s 
efficiency, model abstraction technique is feasible and beneficial as long as the error is 
managed within an acceptable level. It is also worth noting that modeling and simulation 
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is a highly subjective process. Depending on the purpose of carrying out simulations, the 
demands for the underlying performance of any simulator vary considerably. Therefore an 
acceptable simulator may have different meanings in different contexts.  
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Appendix I  

Long-Range Dependence 
 

 

The long-range dependence (LRD) can be described mathematically as follow. Let ( )a t  
denote the arrival rate at time t of traffic offered to a system. Denotes 

0
( ) ( )

t
S t a t dt= ∫  as 

the total amount of traffic offered to that system in the time interval [0,t). Assume that 
( )a t  has stationary increments and that ( )2E S t⎡ ⎤ < ∞⎣ ⎦ . The stationary increments of 
( )S t  implies that ( )E S t vt⎡ ⎤ =⎣ ⎦  for some constant v. Moreover, the auto-covariance 

function, ( ) ( )cov ( ), ( )t a s a s tγ = + , does not depend on s, and therefore, it has: 

( )
0 0

var ( ) 2 ( )
t u

S t x dxduγ= ∫ ∫  

If ( )
0

t dtγ
∞

< ∞∫ , then the process is called short-range dependence, and ( )var[ ]S t  is 
asymptotically linear, which means that if ( ){ }S t  is a process with independent 
increments like a compound Poisson process, then ( )var[ ]S t  is linear in t. In the case 
where ( ) 0tγ →  so slowly for t →∞ , that ( )

0
t dtγ

∞
= ∞∫ . The process ( ){ }S t  is now 

called long-range dependence. Particularly, assume that ( ) ( ) dt l t tγ −∼ , 0<d<1, for 
t →∞ , with l(t) a slowly varying function. Then  

( )( ) ( ) ( )2 2var d HS t Kl t t Kl t t− =∼  

for large t, some K and 

( )2 1 ,1
2 2

d
H

− ⎛ ⎞= ∈⎜ ⎟
⎝ ⎠
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The number H is called the Hurst parameter (Taqqu, 2003). If ( )( ) 2var HS t t= , then the 
time-scaled process ( )S ct  has 

( )( ) ( ) ( )( )2 2var varH HS ct ct c S t= =  

Hence ( ){ }S ct  and ( ){ }cS t  have the same correlation structure, which is called 
second-order self-similar. It follows that asymptotic second-order self-similarity with 

0.5H >  is essentially equivalent with LRD.  

For further details, a good reference can be found in (Doukhan, 2002).  
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Appendix II  

Random Number Generator 
 

 

In a simulation, it often needs a Random Number Generator (RNG) to generate random 
sequence to mimic the uncertainty nature of the simulated system. RNG is the basis for 
generating many other distributions, such as Exponential, Pareto, Normal and Lognormal 
distributions etc. Currently SSIM uses the RNG component of NS-2, which was 
originally proposed for the IBM System/360. The main purpose of using the RNG 
component of NS-2 is to make it convenient for the needs of comparing the simulation 
results of SSIM to those of NS-2, though the RNG component of NS-2 has been reported 
to be not suitable for extremely long simulation (Hechenleitner, 2002). 

The RNG component of NS-2 generator produces pseudo-random integers sequence 
via the recursion  

( )1 mod  ,    1n nx ax m n−≡ ≥  

with multiplier 57a = , modulus 312 1m = − , and seed 01 x m≤ < . The period length 
of this recursion equals 311 2 2p m= − = − . Hence a uniformly distributed sequence of 
pseudo-random numbers in range of [0,1) can be derived by the transformation 

n nu x m= .  

With a uniformly distributed pseudo-random variable available, the exponential and 
Pareto distribution can be expressed as: 

( )exp logV U= −  
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and 

1

Pareto
bV a U

−
= ×  

where  

U = a random variable conforming to the uniform distribution in [0,1); 

a = the scale parameter; 

b = the shape parameter. 
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Appendix III  

Spearman Rank Correlation 
 

 

It’s often necessary to quantitatively measure the monotonic relationship between two the 
variable and the data observed by varying the variable. This Thesis uses the Spearman 
rank correlation coefficient (SPEA) (Saltelli, 2000). SPEA is a simple sensitivity analysis 
method which can measure the correlation for non-linear models. It is computed by using 
the ranks of the samples rather than their real values. SPEA is calculated by: 

2

1
3

6
SPEA 1

n

i
i

D

n n
== −
−

∑
 

where n is the total number of pairs, and 2
iD  is the difference in their ranks, 

( ) ( ) 22
i i iD r x r y= ⎡ − ⎤⎣ ⎦  

The SPEA satisfies SPEA 1≤ . When the relationship between the variable and the 
data is monotonic, SPEA is close to 1 or -1 depending on it is monotonically increasing or 
decreasing. The meaning of those SPEA values between 1 and -1 can be looked up in the 
table in (Lentner, 1982).  
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