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ABSTRACT

A study of wireless users’ mobility has been proven beneficial to several applications

such as radio link lifetime estimation, location prediction, resource allocation, etc.

However, the suggested approaches to studying mobility have varied in terms of the

details of the mobility information required. In our empirical study, we show that

each network user has a probabilistic list of places (e.g., buildings on campus) to visit

each day, also referred to as amobility profile. We further show that over a period of

time (e.g., a week) a user may repeatedly follow a mixture of mobility profiles with

certain probabilities, also referred to as asociological orbit. Unlike earlier work, we

present a novel profiling technique capable of processing sporadic mobility data (which

is more commonly found) and building mobility profiles for each user, using a Mix-

ture of Bernoulli’s distribution based on the Expectation-Maximization algorithm. We

demonstrate the usefulness of our mobility profiles in hub-level location predictions

with 10%to 30%higher accuracy than a common statistical method.

We propose a suite of Sociological Orbit aware Location Approximation and Rout-

ing (SOLAR) protocols that leverage upon mobility profile information exchange. Within

MANET, extensive performance analysis shows that our SOLAR variations signifi-

cantly outperform conventional routing protocols like Dynamic Source Routing (DSR)

and Location Aided Routing (LAR) in terms of higher data throughput, lower con-

trol overhead, and lower end-to-end delay. Within Intermittently Connected Mobile

Ad hoc Networks (ICMAN), similar results are obtained by comparing our multi-path

hub-level routing method called SOLAR-HUB, and two variations of user-level routing

techniques (S-SOLAR-KSP and D-SOLAR-KSP) based on “contact probabilities” with

the performance of Epidemic Routing.

Finally, we formulate a novel routing problem within probabilistic graphs of finding

an optimal delivery sub-graph that maximizes the delivery probability. Our multi-fold

solution proves the hardness of our optimization problem and presents an algorithm

to approximate the objective function. We then model user mobility with Semi-Markov

Processes to compute pair-wise user contact probabilities, and propose and highlight the

superiority of an edge-constrained routing protocol over a probabilistic routing protocol,

and an epidemic routing protocol proposed in literature for intermittently connected

networks.

xiv



Chapter 1

Introduction

Among the most critical services required of any mobile wireless system are reliable

location prediction strategies and efficient routing schemes to both locate and route

data packets to users within the dynamic network topology. Although many proactive,

reactive, and hybrid approaches have been suggested in the literature for various types

of mobile wireless networks, mobility of nodes is still considered a big threat to achieve

good protocol performance. In this dissertation, we shall address this challenge.

Complexity Proof: #P−hard

Hub Transitional Probabilities

Mobility Profiles:

Mobility Traces

Mobility Profiling

A. Trace Analysis and

C. Analytical Modeling

and Complexity

Semi−Markov ChainAcquaintances

Soft Location Database Contact Probabilities

SOLAR Routing Algorithms

(for MANET and ICMAN)

Delivery Subgraph

Novel Routing Problem

Formulation and Analysis

Approximation Algorithm Delivery Probability

Profiling Engine B. Routing and Location Management

Hub Visit Probabilities

Figure 1.1: The Overall Picture

Our overall contribution is illustrated in Figure 1.1 which shows where and how our

1



CHAPTER 1. INTRODUCTION 1.1. TRACE ANALYSIS

different research areas (shown as rectangular boxes) fit in. We approach the routing

problem in three major areas:A. Trace analysis and mobility profiling;B. Routing and

location management; andC. Analytical modeling and complexity. In the following

sections, we shall briefly touch upon our contributions in each of these areas, which

shall be described in much greater detail in the rest of this dissertation.

1.1 Trace Analysis and Mobility Profiling

We note that a key part in attempting to solve routing issues related to user mobility

lies in a better understanding of the underlying user mobility itself. We have observed

strong sociological influences on user movement and have attempted to incorporate that

observation not only into building a practical mobility framework, but also in profiling

users based on their mobility patterns, as described next.

1.1.1 A Hierarchical Mobility Framework for Routing

Mobility pattern of wireless users has been shown to affect all routing protocols in

various ways [7]. The popular Random Waypoint mobility model [26] was liberally

used due to its simplicity in implementation and suitability for theoretical study and

analysis. In this model, a node randomly chooses a destination point within the terrain

and approaches it linearly with a velocity randomly selected from a specified range. On

reaching the point, it pauses for a specified time and then repeats the process. In recent

times however, such randomness has been deemed unrealistic for modeling real life

mobility. To that effect, several mobility models/frameworks have been proposed that

can be categorized as eitherEntity (motion of each individual node),Group (collective

motion of nodes in a group), andScenario(geographic restrictions on movement) based.

Our goal was to try and extract mobility information from such mobility models that can

2



CHAPTER 1. INTRODUCTION 1.1. TRACE ANALYSIS

be directly incorporated into routing decisions. To this end, we proposed a macro level

mobility framework called ORBIT [47], that can integrate multiple mobility models

into a multi-layer hierarchy. ORBIT is a practical solution towards modeling mobility

in the real world of mobile device users, since it is based on our observation of the

of sociological movement patterns of users. We also designed a simple but efficient

ORBIT Based Routing (OBR) protocol that makes direct use of the underlying orbital

mobility pattern, along with the concept of acquaintances to perform much better than

existing solutions. We analyzed the performance of multiple OBR schemes against each

other and with ABSoLom [48].

1.1.2 Mobility Profiling Techniques

The mobility of users forming a mobile wireless network causes changes in the network

connectivity and may even lead to intermittently connected networks. On one hand,

nodal mobility may increase the overall network capacity [54]. On the other hand, it

may make it challenging to locate users and route messages within the network. Re-

searchers have analyzed mobility traces to various ends and have suggested numerous

practical mobility models. However, we are the first to identify the sociological impact

on user movement in the formation of what we call “sociological orbits”.

In particular, we present a technique [44] that can process sporadic mobility data

more generally found amongst real traces and generate mobility profiles for individ-

ual users. We validate our initial and intuitive claims to the sociological influence on

a wireless user’s movement pattern via an empirical study of mobility trace data. We

process Access Point (AP) level mobility to building (hub) level movement, and rep-

resent each user’s daily mobility as a binary vector of hub visits where a particular bit

value “0” signifies non-visit, and “1” signifies a visit to a particular hub indexed by the

position of the bit in the vector. We further represent this entire H-bit vector as a point
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in a H-dimensional space where H represents the total number of hubs in the system,

and the bit values signifies the values along each corresponding dimension. We apply

a Mixture of Bernoulli’s distribution using the Expectation-Maximization algorithm to

group each point into separate clusters represented by a cluster mean, which we call a

“mobility profile”.

In addition, we highlight the usefulness of our mobility profiles in performing hub

level location predictions that are not only10% to 30% more accurate than general

hub visit frequency based statistical predictions, but also incur much less computational

overhead. Besides predicting whether a user is going to visit a particular hub on a given

day (at any time of day), we also perform hub transitional prediction. In the latter case,

given a current hub we study the predictions for the next sequence of hubs visited on

the same day.

1.2 Routing and Location Management

We leverage upon our understanding of the underlying user mobility in making better

routing decisions and location predictions. In this section, we shall discuss the different

steps taken to solve the routing challenge.

1.2.1 Location Management Schemes

A family of protocols [33], [89], [135], [105] has been proposed for MANET which

makes use oflocation managementandgeographic forwardingfor routing data pack-

ets. Nodes are assumed to be aware of their own location via either a GPS receiver [42],

or other localization schemes [81]. When a source needs to communicate with a des-

tination, it first tries to find the geographical coordinates of the destination using a lo-

cation service. Once the location is obtained, each packet is forwarded to one of the
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source’s “neighbors” (i.e. other nodes within radio transmission range) which is geo-

graphically closer to the destination than the source itself. The neighbor that receives

the packet forwards it in a similar fashion till the packet finally reaches the destination.

Geographic forwarding lends itself as an attractive candidate for routing in MANET,

since the amount of network topology information that needs to be stored by each node

is minimal and since the data packets need not store the entire route within them any-

more. Moreover, since an end-to-end session does not depend on any specific route,

the effect of link breakage on a session is greatly reduced. This forwarding technique

however, suffers from lack of sufficient node density that can give rise to what is known

as a “geographic hole”. To that end, literature has proposed planar graph based face

routing [22, 75] to forward around holes if possible. However, the advantage of having

a localization scheme comes at the heavy expense of maintaining an up-to-date location

database of all nodes in the network. Most approaches mentioned in literature divide the

entire terrain into ordered grid based regions and either assign specific regions to nodes

as their home regions, or assigns each node the task of acting as the location server for

other nodes. Each node in turn is also responsible for maintaining the freshness of this

distributed location database by periodically updating their own location information.

Deployment of such schemes in MANET also requires a fair amount of node density

to avoid empty home regions. Overall, the accuracy of such schemes come at a heavier

price, when compared to the simple reactive approaches mentioned above.

1.2.2 Using Node Mobility to Routing Advantage

To bridge this divide between the low maintenance, low performance flooding based

protocols and the high maintenance, high performance location management based pro-

tocols, we explored the possibility of using mobility of the nodes to our advantage. One

of the main advantages of node mobility lies in the fact that even though a single node
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may not know all other nodes in different parts of the network, their collective knowl-

edge as nodes spread out gives rise to an important distributed location database. Our

first work was to propose a novel framework called Acquaintance Based Soft Location

Management (ABSoLoM) [46], which utilizes a concept of maintaining acquaintances

in order to tap into this distributed “soft” location database for the purpose of efficient

geographic routing in MANET. This work differs from other grid-based location man-

agement schemes in that it makes no prior assumptions regarding either the shape or

the size of the network terrain, or the density of the nodes. ABSoLoM is also infor-

mal in nature, not requiring any strict management strategies like computation of grids,

assignment of location servers or home regions, location registration, etc. Our main

idea is inspired by the experimental studies in social sciences by S. Milgram [99]. In

this pioneering work, the author spoke of the likelihood of two individuals in a social

network to be connected through a short sequence of intermediate acquaintances. On

repeated experiments amongst different pairs of strangers in USA, the average length

of the intermediate sequence came out to be around 5 or 6, which later became popular

as the principle of “six degrees of separation” [55]. In their study, however, the source

was informed about the approximate location of the destination and the source had to

forward the packet to acquaintances known to itself only on a first name basis. In our

case, the source has no idea regarding the location of the destination, but it uses ac-

quaintances to search for the destination with the hope of finding them being connected

via a short list of common contacts, as observed by the studies mentioned above. Thus

we make direct use of an effect of mobility that geographically separates a node from

its acquaintances to help the node learn of different parts of the network.
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1.2.3 Mobility Profile based Routing

Within a MANET, node mobility has been shown to have a significant impact on the

routing protocol performance [7]. This has led to numerous studies on the practicality

of the different mobility models that are commonly used in mobile network research.

The Random Waypoint model [26] has been a favorite for its simplicity and suitability

for theoretical study and analysis. In reality however, nodes (i.e. MANET users) move

purposefully (e.g., going from a conference room to a cafeteria) while being subject

to certain restrictions (e.g., geographical constraints), resulting in certain amount of

determinism in their motion as validated by our empirical studies of mobility trace data.

Based on the above, we propose a macro-level mobility framework called OR-

BIT [50], based on a partially deterministic orbital movement pattern of mobile users

around some specific places of social interest calledhubs. The term “macro-level mo-

bility” refers to the fact that our abstraction does not depend on the exact movement

within a hub, or in between hubs. Rather, our abstraction only specifies a set of hubs

where a node will visit and spend some amount of time, without specifying any rigid

schedule or routes (i.e., a partially deterministic movement pattern). We also propose

an effective routing scheme for MANET called the Sociological Orbit aware Location

Approximation and Routing (SOLAR) protocol [49, 51] to take advantage of the spa-

tial/temporal locality of the mobile users (nodes) around these hubs. The proposed OR-

BIT framework is not only general enough to be realistic, but is also specific enough to

be useful. In particular, the proposed SOLAR protocol can be practically implemented

without a need for constant location updates (or tracking) and flooding. Extensive nu-

merical results are presented to establish the simplicity and superiority of SOLAR over

other conventional protocols, such as DSR [26] and LAR [79] in terms of higher data

throughput, lower control overhead, and lower end-to-end delay.

One of our main assumptions in the above work has been sufficient user density
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within the MANET to perform greedy geographic forwarding. However, in a different

sort of wireless network such as an Intermittently Connected Network (ICN) this as-

sumption does not hold strong. An ICN is often modeled as a weighted graph, where the

capacities and durations of edges (radio links) between nodes (users) are time varying

due to user mobility. As such, there is no guarantee of a contemporaneous end-to-end

path from the source to the destination through intermediary peers. This sets an ICN

1 strictly apart from a conventional mobile ad hoc network (MANET). Consequently,

traditional MANET routing protocols as well as our proposed SOLAR protocols are

rendered useless within ICN. In this research, we focus on Intermittently Connected

Mobile Ad hoc Networks (ICMAN), which lacks wireless networking infrastructure

(similar to a regular MANET), in addition to having non-deterministic user mobility

like in an ICN.

According to our findings in [44], we consider an ICMAN where each user may

have a list of hubs to visit such that each user may stay in its current hub for some

time before moving to another hub in the list with a certain probability. We propose

( [45,52]) a sociological orbit aware location approximation and routing (SOLAR) pro-

tocol called (SOLAR-HUB) that takes advantage of user mobility profiles to perform

“hub-level” routing. For comparison study, we also propose two different variations of

multi-path SOLAR protocols (Static SOLAR-kSPandDynamic SOLAR-kSP) that per-

form “user-level” routing based on user “contact probabilities” computed from our user

mobility profiles. We compare the performances of the different SOLAR protocols with

that of the simple and efficient Epidemic routing [128] and show that all SOLAR pro-

tocols outperform Epidemic routing in terms of higher data throughput, lower network

overhead, and lesser end-to-end data delay.

1also referred to as Delay Tolerant Networks
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1.3 Analytical Model and Complexity

In forming our SOLAR routing protocols, we make use of the pairwise user contact

probabilities and also the delivery probability between a pair of source and destination

users. In this part of our research, we aim to provide mathematical models for the

computation of these probabilities and also analyze their complexity. We use a Semi-

Markov Chain to model the user mobility, so as to obtain the pairwise user contact

probabilities. Next, we focus on a novel problem of given a graph, to find the optimal

delivery subgraph that can maximize thesource,destination-connectedness problem. In

other words, we aim to compute the delivery subgraph with maximum delivery proba-

bility. We analyze this problem and prove its complexity, and then propose a polynomial

time approximation algorithm to compute the delivery probability of a given delivery

subgraph. Our future direction would be to develop an optimal routing strategy that

would route packets along the optimal delivery subgraph. In this dissertation however,

we propose an edge-constrained routing algorithm (EC-SOLAR-KSP) that makes use

of all the analytical models and performs better than other probabilistic routing schemes

proposed in literature for intermittently connected networks.

1.4 Summary

The rest of this dissertation is organized as follows. In Chapter 2, we present some

background information to motivate our research and highlight our contribution by dis-

cussing some related work. In Chapter 3, we describe the details of our ABSoLoM

protocol that takes advantage of node mobility in a novel way. In Chapter 4, we de-

scribe and analyze our initial hierarchical mobility framework based on the sociological

movement patterns of mobile device users. In Chapter 5, we describe our novel tech-

nique for profiling the mobility of wireless users and demonstrate its usefulness in lo-
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cation predictions and also suggest several applications. In Chapter 6, we describe and

analyze a suite of Sociological Orbit aware Location Approximation and Routing (SO-

LAR) schemes for MANET, and in Chapter 7, we extend similar research to ICMAN.

In Chapter 8, we present theoretical analysis of our SOLAR framework. Finally in

Chapter 9, we summarize our major contributions and conclude this work by discussing

future direction of research.
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Chapter 2

Background and Related Work

Mobile wireless systems are becoming a norm with recent technological advances that

give the users a gamut of wireless devices and application choices. Commercializa-

tion of wireless technology has seen the advent of devices like cell phones, PDAs,

and Laptops, powered with various economical wireless networking solutions like the

IEEE802.11 [1] and Bluetooth [56]. Such revolutionary technological progress has been

made possible by equally ground-breaking research in the wireless networking domain

in lieu of user mobility. The mobile wireless system infrastructure already has many

challenges, the effect of node mobility being one of the most critical. We shall discuss

the general issues in such networks and how they eventually affect routing decisions

within them.

2.1 Routing Issues within Mobile Wireless Systems

A mobile wireless system typically consists of devices equipped with some wireless

transmitter and receiver, interacting amongst themselves following some chosen techno-

logy like IEEE802.11 [1], Bluetooth [56], Sensors [63], etc. Following are the charac-

teristics of the network and the devices most commonly observed.
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2.1.1 Network Characteristics

Although the specific characteristics of a mobile wireless network will depend on the

kind of technology adopted, there are some common issues in all of them, as described

below.

Topology DynamicsThe network topology graph obtained by considering all the

nodes within communication range of each other as having a point-to-point link, varies

proportionally with mobility. A link may either break due to direct mobility of two

nodes that cease to be in each other’s communication range, or due to the appearance of

an obstacle between them that causes interference. Even for static networks, dynamic

turning on and off of devices may cause the illusion of nodes joining and leaving the

network at different points in time. This too contributes to the variation in the resulting

network topology.

Network Partitions For certain networks like the delay tolerant networks, no end-

to-end path between two nodes may ever exist at any given point in time. These net-

works may remain partitioned for long and the region of partition may vary with time.

Time Varying Bandwidth/Capacity The condition of wireless channels depend on

a lot of factors like noise, interference, fading, node mobility, etc. Thus the link capaci-

ties or the bandwidth of the channel varies with time.

High End-to-end Latency Unlike wired networks, due to the limited bandwidth

and dynamic topology, the end-to-end latency of such networks are usually more signifi-

cant. Specially for situations like in delay tolerant networks, frequent network partitions

lead to long queuing of packets in the intermediate nodes.

Asymmetric Data RatesDue to the time varying channel conditions and the indi-

vidual node characteristics, no assumption maybe made on the capability of directional

links. In some cases, like in deep space networks, a return channel may even be absent.

In other cases, the up-link and down-link may have completely different data rates.
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Lossy Links vs. CongestionIn wired networks, loss of packets is considered a fair

indication of network congestion. However, in wireless networks packets may be lost

due to temporary link loss, as well as buffer overflow due to congestion.

Security ConsiderationsMost wireless systems like sensor networks or mobile ad

hoc networks function on the basis of mutual trust in between nodes. Thus, although

deployment of such networks requires no prior infrastructure and is deemed as an easy

process, securing it is a challenging task.

2.1.2 End System Characteristics

Portability is of great concern when designing mobile computing devices. Thus, when

these same devices are empowered with wireless technology, the amount of resources

available are limited. The key elements of consideration are listed below.

Power ConsiderationsMost mobile computing devices are battery powered. Hence

they have limited longevity. Some of these devices (like the sensors) often have low duty

cycle to reduce the consumption of power. They may wake up at regular intervals, or

may be event driven.

Buffer Management Usually the storage capacity of these nodes are limited. So

they may need to be augmented by external persistent storage devices, or may have

to practice some sort of effective queue management techniques to minimize buffer

overflow.

Limited Memory and Processing CapabilitiesTo be able to keep the cost of such

devices at a low and affordable range, they are not memory or processor intensive.

These are usually built with some specific range of applications and users in mind.

13



CHAPTER 2. BACKGROUND 2.2. ROUTING OBJECTIVES

2.2 Routing Objectives and Existing Approaches

Given the network and end system characteristics of a mobile wireless system, routing

becomes a really challenging problem. Nevertheless, any attempt to solve it should

share some basic objectives:

1. No infrastructure requirements - ready deployment and completely distributed

algorithms.

2. Correctness - exhibit some sense of direction, or some means of approaching the

destination, despite of mobility.

3. Avoid looping - instability in network should not have invalid data congesting it.

4. Congestion detection - ability to distinguish loss of packets due to congestion

from those due to lossy links.

5. Proactiveness - make use of all data available to proactively perform certain tasks,

within an acceptable cost of protocol overhead.

6. Reactiveness - ability to respond to live traffic with maximum efficiency.

7. Energy Efficiency - incorporate power saving mechanisms for enhancing the net-

work life time and avoid unnecessary tasks.

8. Scalability - provisions for accommodating a larger network with more devices.

9. Robustness - means to battle the effects of mobility and take advantage whenever

possible.

The routing approaches suggested in literature so far can be broadly categorized as

following:
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Proactive ProtocolsProtocols like Distance Vector, or Link State Routing proac-

tively maintain some form of a routing table that is computed based on the network

topology. They resort back to flooding the network with local link information, which

helps them gain global knowledge over several iterations. In case of static networks, this

method works very well, greatly reducing the end-to-end routing delay. However, in the

face of node mobility, the rapidly changing network topology mandates the process of

building a routing table to go on forever. Even then, the freshness of the global image

of the network at each node depends on the rate of mobility. This results in network

congestion due to control packets, leading to a high overhead. Moreover, in networks

with no end-to-end path, this approach may fail to provide any path at all.

Reactive ProtocolsProtocols like DSR [26] and LAR [79], reactively find a route

to a destination with unknown route. The lack of any proactive routing table is comple-

mented by a primitive flooding scheme in the absence of any knowledge. This process

inherently has longer delay when compared to a purely proactive approach, but they

tend to make use of any available knowledge to optimize their routing decisions. DSR

works in the promiscuous mode (snooping into other node’s packets) and actively makes

use of route caching to minimize overhead and routing delay. LAR uses prior location

and velocity information of a node to estimate the region most likely to contain it at a

later time. However, all such source routing schemes that use entire route caching suf-

fer from frequent invalidation of routes due to high probability of mobility induced link

failures in that cached path. Moreover, these protocols also fail to provide any route for

networks with a topology that has a time variant disconnection.

Hybrid Protocols Some approaches like ZRP [103] try and take advantage of both

Proactive and Reactive methodologies. Proactive protocols may compute the most opti-

mal route prior to the arrival of traffic, but suffer in the effort of trying to obtain a global

up-to-date network topology information. Thus, in these hybrid approaches they con-
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sider only subgraphs of the entire network, called zones, and practice proactive routing

within them. For inter-zone routing, they resort to reactive mechanisms. Needless to

say, they still do suffer from the basic limitations of the proactive and reactive protocols

in general, in the face of node mobility.

Store and Forward ProtocolsAs mentioned above, none of the proactive, reactive

or hybrid approaches can succeed in finding routes in a network topology that is dis-

connected at different points in time. To that end, certain protocols adapt a “store and

forward” kind of philosophy, wherein they hold on to data till they can transmit to some-

one else at a future point in time. For MANET, [93,128] proposed routing schemes for

intermittently connected networks using this philosophy. For delay tolerant networks,

recent work in [67] assumed knowledge oracles and used a link capacity function to

find minimum cost paths as a cascade of time varying links. Their usefulness is how-

ever limited by the practicality of their assumptions.

2.3 Acquaintance Based Soft Location Management

In [103], the authors tried to complement pure reactive approaches by proactive strate-

gies within zones to reduce the location discovery delay and restrict the flooding re-

quired. In [24], the reactive part of [103] was supplemented with the GPS based query

optimizations. In [12, 25], the advantages of reactive nature of DSR is combined with

the location-based solutions to achieve improved efficiency, but authors in [12, 25] still

restrict themselves to source routes and consequently suffer more from link breaks than

the protocols based on geographic forwarding. In [13], the authors introduced an effi-

cient way of disseminating geographical position of nodes. By this mechanism, nodes

far apart update each other about their own positions less frequently than those close to-

gether, based on the relative velocity. Using this concept, several multi-point commun-

ication protocols have been proposed, such as [23], [14]. In [71], the authors used a

16



CHAPTER 2. BACKGROUND 2.4. MOBILITY MODELS

clustering algorithm to restrict the flooding required by DSR. Consequently literature

describes several protocols (e.g. [5, 6, 34]) that extends this concept of clustering to

propose solutions for multicasting issues in wireless ad hoc networks.

In [18], the authors did extensive analysis of an anchor based routing technique that

uses a concept of “anchors” to loosely source route messages towards the destination. In

their work, they tried to make geographic routing more efficient by finding some fixed

geographic locations (not nodes) en-route to the destination that are called “anchors”.

Messages are forwarded geographically towards an anchor point until they reach a node

close enough to that point. Thereafter these messages are forwarded to nodes that take

them towards the next anchor point, till they reach the destination node. The authors

used special nodes called Friend Assisted Path Discovery (FAPD) [19] responders that

maintain friendship amongst themselves to learn about the irregular network topology

and to help sources find appropriate anchor points towards their respective destinations.

These responders do not take part in the forwarding path themselves. Thus, this work

differs from ours in the following ways: we do not reserve nodes for specific tasks (like

the responders); we make use of acquaintanceship not only to learn collectively about

the network neighborhood but also to forward packets to the destination.

2.4 Mobility Models and Frameworks

Random Waypoint [26] is the most popularEntity basedmobility model in literature.

In [136], the authors studied an average speed decay problem in Random Waypoint and

in [17], the author enhanced the model by using acceleration to smoothen changes in

speed and direction. To account for obstacles, the authors in [69] proposed a mobility

model based on voronoi graphs. In [124], the authors integrated three sub-models: per-

ception, behavioral and movement, to simulate the mobility of each node individually as

a close interaction of simple behavioral traits. In [92], the authors usedrenewal theory
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to guarantee a steady state in node movement distributions, while those in [86] intro-

ducedstochastic correlationin their VUM (variable user mobility) model for cellular

systems. However, all these models focus on the mobility in a flat network.

In [61, 62], the authors first proposed aGroup basedmobility model called Refer-

ence Point Group Mobility, where an existing group leader determines a group’s col-

lective movement, while other members move independently within a small speed and

angle deviation from that of the leader. Later they extended the mobility vector model

into a framework, smoothening changes in speed and direction. In [30], the authors

surveyed severalEntity based(e.g., Boundless Area, Gauss-Markov) andGroup based

(e.g., Column, Nomadic, Pursue) mobility models for ad hoc networks. In [7], the

authors proposed a framework for analyzing mobility models in terms of protocol inde-

pendent metrics. They also suggested theManhattanandFreewaymodels to suit city

traffic. These models can all be incorporated within the ORBIT framework at different

levels (see Figure 4.2(a)) to generate more realistic models.

In [94], the authors suggested two hierarchical layers for a wireless ATM network:

a deterministic Global Mobility Model to describe inter-cell movements, and a sto-

chastic Local Mobility Model to describe intra-cell movements. In [96], the authors

appliedtransportation theoryto model:City Area, Area Zone, andStreet Unit, at three

hierarchical levels of detail. Similarly, the authors in [83] proposed the Metropolitan

(METMOD), National (NATMOD) and International (INTMOD) mobility models to re-

spectively suit movements within metropolitan areas, in between them and in between

countries. Although the proposed ORBIT hierarchy closely resembles these hierarchies,

our main contribution lies in the recognition of the “orbital” pattern that exists around

these hierarchies.

The authors in [11] proposed a framework for graph based modeling of mobility and

traffic in large scale MANETs, while in [119], the authors developed a tool for mod-
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eling scenarios likeAirport, Highway, and Conferenceusing visualized user interface.

ORBIT differs from these frameworks in its generality, by which it can integrate such

tools within its black boxes at different levels to generate more practical models for real

life scenarios.

2.5 On Profiling Mobility of Wireless Users

Many researchers have tried to model practical mobility in various ways to achieve

different goals. Earlier work on mobility modeling [30] was done mostly with Mobile

Ad hoc NETworks (MANET) in mind. For example, some [115] used mobility pattern

analysis to minimize radio link changes via appropriate selection of next hop within

radio range. While the authors in [123,130] performed physical location prediction via

continuous short-term and short-range tracking of user movement, we had leveraged on

our assumptions on “sociological orbits” to perform efficient routing within MANETs

[50,51].

Our study of user mobility traces is motivated by the need to extract practical mobil-

ity information, which may potentially benefit applications such as location approxima-

tion and routing within all types of networks such as MANETs, DTNs, wireless access

networks, etc. More specifically, it is noted that wireless users belong to a larger social

environment and as such, their movement behavior is subject to several location de-

pendent sociological constraints (in addition to speed limits and specific walkways, as

described in [7]). In particular, on any given day, each user may visit a list of places of

some social importance (which we referred to as “hubs” in [50]) in some probabilistic

manner, creating what we refer to in this work as a “mobility profile”.

One of the earliest attempt to understand the802.11-based network access patterns,

traffic load and user preference of wireless over wired networks was made by the authors

of [82, 125, 126]. However, the main focus of these projects were not on the mobility
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pattern of individual users. An extensive campus-wide 802.11 based wireless network

testbed was setup in Dartmouth College, and its traces has been studied by the authors

in [60, 76, 77], focusing more on AP-centric parameters. In particular, they studied

amongst many things, the number of periodic visits to a particular AP or building, the

length of such periods, and the frequency with which any sequence of2 locations were

visited in succession. However, for such information on periodic and sequential visits to

location pairs to be useful in statistical location prediction for a set ofn hubs, one would

need allnP2 = n∗ (n− 1) permutations of visit sequences. In contrast, our proposed

methods for profiling mobility based on sociological orbits only requires information

on up ton hubs to be collected with a much lower frequency of updates as mentioned

earlier in the work.

There have been several other related work on analyzing 802.11-based wireless ac-

cess patterns at ETH Zurich [127], University of North Carolina at Chapel Hill [35],

University of California at San Diego [8, 98], MIT [9] and University of Saskatchewan

[116], just to name a few. Most of these work focussed on topics such as: training mo-

bility models for use in network simulation; taking wireless network load measurements

for general resource allocation and capacity planning; understanding the user mobility

in terms of periodic visits to APs; improving web-caching, QoS-routing, etc.

However, none of these work explored the notion of sociological orbits and in par-

ticular, mobility profiles. As a result, when it comes to predicting the next AP to be ac-

cessed for example, they often employ common statistical approaches whereby access

to different APs is assumed to be independent. It is worth mentioning that much earlier

work exists on understanding cellular users’ mobility patterns, with primary objectives

being triggering location updates based on user movement and improving paging ser-

vices for example [4]. However, they dealt with a set of cells that have a much larger

area than hubs, and whose physical boundary may not have special social implications
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as hubs do.

There also exists a few studies on the social aspects related to wireless networks.

For example, the work in [3] analyzed the NTT DoCoMo’s i-mode users’ email part-

ners to infer their social relationships. Similarly, the authors of [100] studied the social

influence on wireless networks as we did. However, they proposed mobility models

based onSocial Network Theory. In particular, they introduced a “sociability factor” to

define the social relationships between users, and used that to characterize user groups

that may have correlated mobility. Our work is different in that we profile users’ mobil-

ity in terms of the locations they visit, instead of modeling their physical movement in

between, or within those locations in terms of velocity and direction of the movement

as in [100,127].

Authors in [85, 120], base their computational models on empirical data that are

filtered to provide stable mobility data sets spanning regular intervals of consecutive

days. In most real systems however, we observe lots of irregularity in terms of wireless

users’ usage pattern of the network, where a user may not be present in the network

consistently for the entire period of observation. Our work is novel in this sense that it

provides for a mechanism to profile users based on sporadic mobility data without any

filtering and yet providing a leverage in performing location prediction with increased

accuracy when compared to general statistical methods.

In this research, we not only validate the existence of such mobility profiles via

mobility trace analysis, but also show that in practice, a user is usually associated with

more than one profile. In particular, we find evidence of a probabilistic mixture of such

profiles that stay valid for a long period of time (i.e., several days or weeks), after which

a different mixture of profiles will be in effect. The data analyzed in this work is col-

lected on the ETH Zurich campus that has many users appearing only for a few months,

and in a very sporadic manner. Otherwise, it is similar in content to that available from
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the Dartmouth campus (both are obtained from Access Point system logs). However,

compared to the most related (and yet much different) work in [32], this work primarily

focuses on the orbital parameters, in particular on theuser-centricparameters like the

user mobility profiles and its applications, whereas [32] focuses more on AP-centric

parameters. Our mobility profile based hub-level location prediction is shown not only

to be more precise than a common statistical method, but also to incur a much lower

overhead. Note that although this work analyzes data from a campus-wide wireless ac-

cess network (instead of a MANET, as data from former is more readily available), our

mobility profiling and location prediction techniques are applicable to other types of

networks as well, since the movement of users is ultimately influenced by their social

environment.

2.6 Routing within Mobile Ad Hoc Networks (MANET)

The growing awareness of the effect of node mobility on protocol performance has led

to research on practical mobility models and mobility adaptive routing schemes. A

popular mobility model which is used exhaustively in mobile network research, Ran-

dom Waypoint, is clearly not very realistic and has practical limitations as pointed out

in [136]. In [17], the authors suggested enhancements to the model itself, including

the use of acceleration to smoothen changes in speed and direction. While the authors

in [69] focused on the application of voronoi graphs to model mobility in face of ob-

stacles, those in [124], integrated3 sub-models: perception, behavioral and movement,

to simulate the mobility of each individual node as a close interaction of simple be-

havioral traits. To guarantee a steady state in node movement distributions, the authors

in [92] usedrenewal theory, while authors in [86] introduced the concept ofstochastic

correlation in their VUM (variable user mobility) model for cellular systems.

Although, the previously described models could simulate the mobility of individual
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nodes, they could not capture the motion of entire groups in scenarios such as military

drills, disaster recovery, search party etc. Accordingly, the authors in [61,62] proposed a

mobility model called Reference Point Group Mobility, where an existing group leader

determines a group’s collective movement, while other members move independently

within a small speed and angle deviation from that of the leader. Their work was later

extended to include a mobility vector model, which smoothened the sudden changes

in speed and direction. In [30], the authors surveyed several suchEntity based(e.g.,

Boundless Area, Gauss-Markov) andGroup based(e.g., Column, Nomadic, Pursue)

mobility models for ad hoc networks. In [7], the authors formalized a framework for

analyzing mobility models in terms of protocol independent metrics, and also proposed

theManhattanandFreewaymodels to suit city-wide traffic.

Literature also describes several proposals that model mobility as a hierarchy. In

[94], the authors suggested two hierarchical layers for a wireless ATM network: a

deterministic Global Mobility Model (GMM) to describe inter-cell movements, and

a stochastic Local Mobility Model (LMM) to describe intra-cell movements. In [96],

the authors appliedtransportation theoryto model: City Area, Area Zone, andStreet

Unit, at three hierarchical levels. On the same note, the authors in [83] proposed the

Metropolitan (METMOD), National (NATMOD) and International (INTMOD) mobility

models to model movements within metropolitan areas, in between them, and in be-

tween countries respectively. Despite this wide range of study on practical mobility,

no prior work has studied the mobility of MANET users in between certain geographic

regions of some social significance (which we call hubs).

Meanwhile, work has also been done on routing protocols to counter the adverse

effects of node mobility. For instance, flooding based source routing schemes [26,104]

employ aggressive route caching techniques to reduce the route discovery delay. The

proposed protocol in [79] also cached the node velocity to restrict the flooding of node
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discovery packets to a smaller geographic region containing the destination node. Ob-

serving that node locations could similarly aid in routing, several location management

schemes [33,89,105,135] coupled with geographic routing were proposed for stateless

routing in ad hoc networks. However, these schemes require accurate knowledge of lo-

cations (via the use of a GPS receiver, for instance), and the distributed management of

accurate locations result in frequent location updates and protocol maintenance packets.

While the researchers in [72, 111] studied the effects of various realistic scenarios

on the existing MANET routing protocols, the authors in [15, 29] suggested methods

like a connected virtual backbone to help routing protocols adapt to node mobility.

Moving one step further, researchers in [115,123,130] started to focus on mobility pat-

tern/information awareness in routing protocols. Their method was to use such mobility

pattern information obtained either via continuous location tracking, or micro-level mo-

bility prediction to help make low level routing decisions such as the best choice of next

hop to take. On the other hand, our work focusses on the macro-level mobility informa-

tion for location approximation and routing at the hub level.

2.7 Routing within Intermittently Connected Mobile Ad

Hoc Networks (ICMAN)

Dealing with temporally disconnected networks, the authors in [128] proposed an in-

telligent means of data dissemination called the Epidemic Routing protocol that relies

on data buffering and node mobility to spread messages in the network. The so-called

“summary vectors” were used for nodes to selectively exchange data packets, in order to

limit the number of data transmissions. Similar work ( [16, 53]) on data dissemination

was also done for sensor and ad hoc networks. Routing in Intermittently Connected

Networks (ICN) has also received significant interest from the research community
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recently. Several routing-related issues in ICN, also called Delay Tolerant Networks

(DTN) were addressed in [67], which focused mainly on networks with known con-

nectivity patterns, such as satellites with fixed paths, or busses with fixed routes. The

authors developed several algorithms to analyze the knowledge to performance rela-

tionship in different protocols and demonstrated that their algorithms performed better

with more network knowledge. However, for the availability of such global knowledge

they assumed the presence of certain “knowledge oracles” that may not be applicable

to most mobile ad hoc networks, where users’ mobility follow much less predictable

schedules. Literature suggests similar study on how mobility (controlled or not) affects

routing protocols and network performance (e.g., network capacity) in various types of

ad hoc networks including sensor networks with mobile sinks (or base stations), and

delay tolerant networks [28,54,118,138]. However, they did not deal with specific user

mobility patterns. In [65, 74, 88, 121], the main focus was on the so-called “contact

probability” of two users, which is oblivious to the specific locations (or “hubs”) they

visit.

The concept of Epidemic Routing was extended upon by the authors in [93], where

they proposed a probabilistic routing scheme whereby each node maintains the so-called

“delivery predictability” to each known destination, and uses this metric to make rout-

ing decisions. However, their delivery predictability may decay with time, unlike our

contact probability that remains constant throughout the entire simulation by virtue of

the hub based mobility profile of nodes extracted from the underlying orbital mobility.

In [101], the authors proposed a context-aware adaptive routing algorithm that takes

into account the suitability of a node for carrying a message based on context informa-

tion of the node at multiple dimensions. More recently, the authors in [84] suggested an

algorithm that relies on vehicles to act as mobile routers, which connect disconnected

sensor networks to a known destination.
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The authors in [58] and [138] respectively studied the effects of controlled message

flooding and controlled mobility in large scale ICN. Along the same lines of informed

message passing that exploits the mobility information of network users to some extent,

the authors in [28] proposed the introduction of autonomous agents that can adapt their

motion within the network using multi-objective control methods to increase network

efficiency. Although, the introduction of such agents with controlled/programmable

motion simplifies the problem of routing, the ready availability/deployment of such

agents within an ICN may not be too practical. To the best of our knowledge, our

work is the first to explore the implication of the macro-level partially deterministic

sociological orbits involving a list of hubs and its application to location approximation

and routing in ICMAN, despite its practicality.
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Chapter 3

Acquaintance Based Soft Location

Management (ABSoLoM) in MANET

In this chapter, we concentrate on the effect of mobility in a MANET and explore pos-

sibilities of turning it to our advantage while making routing decisions. A major chal-

lenge faced in MANETs is locating devices for communication, especially with high

node mobility and sparse node density. Present solutions provided by ad hoc routing

protocols range from flooding the entire network with route requests, to deploying a

separate location management scheme to maintain a device location database. It is our

observation that even though a single node does not get to know of all other nodes,

as nodes move around, their collective knowledge may serve as an important source

of location information. Based on this, we propose a novel routing scheme called Ac-

quaintance Based Soft Location Management (ABSoLoM) in MANET. In ABSoLoM,

nodes make use of the real life concept of making acquaintances and keeping in touch

with them regarding each others current locations. ABSoLoM has a twofold aim: to

avoid the overhead of flooding; and to use a “soft” location management setup that does

not require strict location management strategies and is thus computationally less ex-

pensive than standard “hard” location management schemes. Simulation results show
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that ABSoLoM not only outperforms existing flooding schemes (such as DSR [26] and

LAR [79]) in terms of throughput, overhead and location discovery latency, but also

achieves performance comparable to “hard” grid based location management schemes

(like SLALoM [33]) with a much lower control overhead. Our proposed protocol is

described in great detail below.

3.1 Introduction

A MANET is an infrastructure less group of wireless nodes that forward packets for

one another. The hurdles in designing routing protocols for such networks are node

mobility, limited node power, and restricted bandwidth of the wireless medium. Tra-

ditional routing protocols developed for wired networks like Distance Vector and Link

State routing do not consider these limitations, and hence are unsuitable. Routing pro-

tocols for MANET can be broadly classified into two categories: proactive and reactive.

Proactive protocols maintain an up-to-date image of the network topology at each node

by broadcasting the neighborhood information of each node frequently throughout the

network. In MANET where the network changes fast, such an effort is costly in terms

of bandwidth and power consumption. This also leads to congestion and poor through-

put. On the other hand, discovering and maintaining a route to the destination for every

new session is a major challenge for reactive protocols. For example, Dynamic Source

Routing (DSR) [26] uses pure flooding technique to locate destinations. Location Aided

Routing (LAR) [79] tries to fair better than DSR by estimating the approximate region

containing the destination (from some prior location information) and flooding only

within that expected zone. However all such source routed protocols suffer signifi-

cantly from path breakage caused by node mobility since there is a high probability of

nodes in the path moving out of range of transmission of the preceding node. Repeated

efforts in finding a path between a source and destination pair increases the overhead to
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maintain a single session.

Recently, a new family of protocols [33,89,105,135] has been proposed for MANET

which makes use of location management and geographic forwarding for routing data

packets, where nodes are aware of their own location via the use of a GPS receiver.

When a source needs to communicate with a destination, it tries to find the geographi-

cal coordinates of the destination using a location service. Once the location is obtained,

each packet is forwarded to one of the sources neighbors which is geographically closer

to the destination than the source itself. The neighbor that receives the packet forwards

it in a similar fashion till the packet finally reaches the destination. Geographic for-

warding lends itself as an attractive candidate for routing in MANET, since the amount

of network topology information that needs to be stored by each node is minimal and

since the data packets need not store the entire route within them anymore. Moreover,

since an end-to-end session does not depend on any specific route, the effect of link

breakage on a session is greatly reduced. However, the challenge now lies in effectively

maintaining a location database of all nodes in the network. SLALoM [33] is one such

location management scheme that operates by partitioning the network terrain into well

numbered grids. A hierarchy is then setup to have bigger regions comprising of smaller

ones. All nodes are then assigned multiple home regions distributed evenly throughout

the network such that a given nodes location is known to all nodes in that nodes home

region. Each node is also responsible for updating its home regions with its current lo-

cation information. Home regions that are near are updated more frequently than those

that are far. Thus a source node just needs to query one of the home regions of the

destination (that can be computed by the source locally) which is closest to the source,

to get the destination location information. Deployment of such schemes in MANET

requires a fair amount of node density to prevent the occurrence of empty home regions.

In networks with highly mobile nodes, these schemes will incur considerable overhead
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in terms of location updates and maintenance of a distributed location database even

with low traffic. Thus there is a wide gap between the low maintenance, low perfor-

mance flooding based protocols and the high maintenance, high performance location

management based protocols.

In this chapter, we propose a novel framework called Acquaintance Based Soft Lo-

cation Management (ABSoLoM) that makes use of a simple heuristic to maintain a

distributed location database for efficient geographic routing in MANET. A main dif-

ference of our scheme from the location management schemes mentioned above is that

we make no assumptions regarding either the shape or size of the network terrain or

the density of the nodes. By the aid of acquaintances, our scheme informally builds a

“soft” location management setup and eliminates the need for strict management strate-

gies (like computation of grids, assignment of location servers or home regions, location

registration, etc). Our main idea is inspired by the experimental studies in social sci-

ences by S. Milgram [99]. Unlike their study however, in our case, the source has no

idea regarding the location of the destination, but it uses acquaintances to search for the

destination with the hope of finding them being connected via a short list of common

contacts, as observed by the studies mentioned above. Additionally, while other pro-

tocols (like DSR and LAR) struggle to cope with the challenges imposed by mobility,

ABSoLoM uses the mobility of the nodes to its advantage for achieving better perfor-

mance. Thus on one hand, ABSoLoM uses geographic forwarding to avoid the limi-

tations of flooding protocols, and on the other hand due to the “soft” location services

provided, it achieves performance comparable to location management schemes (like

SLALoM) with a significantly lower control overhead. To the best of our knowledge,

no other solution has been proposed in this capacity that tries to utilize this concept

of acquaintanceship amongst nodes, to bring about a soft location management based

routing protocol for wireless ad hoc networks.
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The rest of this chapter is outlined as follows. In Section 3.2, we describe the details

of the ABSoLoM protocol. In Section 3.3, we analyze ABSoLoM and compare it with

DSR, LAR and SLALoM, and present our simulation results. Finally in Section 3.4, we

conclude this work.

3.2 ABSoLoM Protocol Details

The basic idea of ABSoLoM is to make use of the real life concept of making acquain-

tances and keeping in touch with them regarding each other’s current locations to bring

about a “soft” location management system. When a source needs to obtain the loca-

tion of a destination, it queries its acquaintances about it. If the destination is unknown

to the acquaintances, they in turn ask their acquaintances and the process is repeated

until the destination’s location is discovered. Thus, ABSoLoM makes use of a location

database which is maintained among the nodes in a distributed fashion. In the following

subsections, we outline the different phases that constitute the ABSoLoM protocol.

3.2.1 Acquaintance Selection

Each node periodically broadcasts its current location so that all nodes are aware of

their neighbors and their respective locations. At start, each node randomly selects

a neighbor who is not already an acquaintance, and sends an acquaintanceship request

(ACQ REQ). Simultaneously, it adds this neighbor in its acquaintance table as apending

entry. If the node does not get an acceptance from thependingacquaintance after a

specific period of time, it deletes the entry from its acquaintance table, and retries the

acquaintance selection process with a new neighbor. If the neighbor does accept the

invitation (ACQ ACC), the node marks that entry in its acquaintance table asaccepted.

As far as using acquaintances to locate a destination is concerned, a node does not
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distinguish between itspendingandacceptedacquaintances. The node however, sends

location updates (LOC UPD) containing its up-to-date location only to itsaccepted

acquaintances.

We fix the maximum number of acquaintances that a node can have so that the

memory requirements to keep track of acquaintances and the overhead to maintain ac-

quaintanceship and discover destinations are practically manageable. Thus, any node

that receives an acquaintanceship request replies with an acceptance only if it can ac-

commodate a new acquaintance. In the event that a node receives an acquaintanceship

request from a node to which it had send an acquaintanceship request previously, it

marks the corresponding entry in its acquaintance table toaccepted. In case of rejec-

tion, the node just ignores the request and lets the requesting node time out.

3.2.2 Acquaintanceship Termination

If a node finds any of its acquaintances to be in its neighborhood for a period of time

greater than a timeout interval, it deletes that entry from its acquaintance table. Since

both acquaintances will sense each other in their neighborhoods, the acquaintanceship

will terminate mutually without the need for explicit termination messages. The timeout

interval is chosen to be the time it takes for a node to move in and out of its acquain-

tance’s transmission range at a speed equal to the average velocity of the nodes in the

network. This method of initiating and maintaining acquaintanceship is illustrated in

Figure 3.1. The intuition behind this form of acquaintanceship termination is for nodes

to have acquaintances spread all over the network which, in turn, leads to faster discov-

ery of a destination (see Section 3.2.5 for more detailed description).
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(a) Acquaintance initiation      (b) Acquaintance after timeout

Figure 3.1: (a)Initially make acquaintances with neighbors (b)After a timeout, only
those nodes that move out of the neighborhood remain as acquaintances

3.2.3 Location Update

Each node checks its own location periodically, and on moving a distance equal to its

transmission radius, sends out a location update (LOC UPD) to each of itsaccepted

acquaintances. Additionally, the node sends a location update to each node with whom

it has an ongoing data connection. On getting location updates from its acquaintances,

a node updates its acquaintance table with the location information contained within the

updates.

3.2.4 Nosy Neighbors

As an optimization attempt, each node also maintains a location cache whose entries

consist of the locations of the nodes (other than its acquaintances) this node learned of,

while forwarding packets for other nodes in promiscuous mode. However, the informa-

tion contained by only two types of control packets are relevant:

Location UpdateWhile forwarding aLOC UPD packet, each node inserts (or up-

dates) the location information contained within the packet into its cache. Additionally,

if the node has room to make a new acquaintance, it adds a new entry for this node in its

acquaintance table, and sends an acquaintanceship request to it. Intuitively, the cache

allows for faster discovery of destination nodes during the discovery phase. To prevent
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nodes from using stale cache entries, entries from the cache are deleted after a timeout

interval.

Location ResponseIf a node knows about a queried destination, it geographically

forwards a response (LOC RESP) back to the source containing the location of the

destination. This node may know of the destination for one of the following reasons:

• the destination is a neighbor or an acquaintance

• there is a live connection with the destination

• destination’s information was in the location cache

An intermediate node while forwarding thisLOC RESPpacket looks inside and may

cache the location information of both the source and the destination.

3.2.5 Acquaintance Based Location Discovery and Data Transfer

At the start of communication, the source checks its neighbors, acquaintances, and lo-

cation cache in that order for information regarding the destination. If there is no such

information, it buffers the data packet and creates a location query (LOC QRY) with a

unique sequence number. It also specifies the maximum logical hop count in the query,

which specifies the number of times a query packet can be forwarded by acquaintances

to other acquaintances during the discovery process. The query is then geographically

forwarded to all itspendingandacceptedacquaintances. Figure 3.2 illustrates the case

where the maximum logical hop is 2. If the node has no acquaintances, it broadcasts

the query to all its neighbors. This type of broadcasting in the absence of acquaintances

is done only at the source node to enable a location query to be initiated properly. The

neighbors in turn forward the query to all their acquaintances. In the absence of ac-

quaintances, a neighbor (other than the source) will drop the query. Thus, ABSoLoM

avoids full flooding of location query packets.
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(a) Querying 2 hops away (b) 1 logical hop

Figure 3.2: (a) Node 1 queries 2 and 3 by one logical hop each. Node 2 queries 4 and
5, and node 3 queries 6 and 7 by one logical hop each (b) single logical hop from 1 to 2
by geographic forwarding (the larger circles in both figures, represent the transmission
range of each node)

An intermediate node (nosy neighbor), while forwarding query packets from a node

to its acquaintance, sniffs into the packet to see if it knows of the destination. If it does,

it creates aLOC RESPcontaining the location of the destination, and geographically

forwards the response back to the source (as described earlier). When an acquaintance

gets aLOC QRY, if it knows of the destination, aLOC RESPcontaining the location of

the destination is sent back to the source. Otherwise, it decrements the logical hop count

by unity, and if it is non-zero, geographically forwards the query to all its acquaintances.

However, a node does not forward the query to an acquaintance if:

• that acquaintance forwarded this node this query

• that acquaintance is the source of this query

On receiving aLOC RESP, the source retrieves all the buffered data for that destina-

tion and forwards them geographically to the destination. Duplicate location responses

are ignored. It also adds the destination to a list of ongoing connections and appends

its location information to each data packet that it forwards to the destination. The

destination also adds the source to its list of live connections, and from then on, both

nodes update each other of their current location periodically for the duration of the
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communication session. To further optimize this discovery process, a source while

waiting for aLOC RESPkeeps a check to see if the destination itself entered the neigh-

borhood. In that case all buffered packets are readily forwarded to that destination and

all LOC RESPpackets for that particular query are ignored.

3.3 Performance Analysis

To evaluate the efficiency of the protocol, we implemented ABSoLoM in GloMoSim

[137] and compared it with three protocols: DSR [26] (as it represents the most rudi-

mentary of all source routed flooding techniques); LAR [79] (since it utilizes approx-

imate destination location information to restrict flooding); and SLALoM [33] (since

we found it to be a good representative of the grid based location management proto-

cols). For additional performance comparison between various other existing MANET

routing protocols (including the ones chosen in this paper) the readers are referred

to: [39], [31], [87], [73], [106].

We used the standard distribution of DSR and LAR Scheme 1 provided with Glo-

MoSim and implemented SLALoM as described in [33]. The simulation parameters

were chosen as follows:

• simulation time = 2000s

• terrain size = 2000 m x 1000 m

• number of nodes = 100

• radio range = 350 m

(a transmission covers 19.25% of the terrain)

• mobility = Random Waypoint Model

(velocity from 0 m/s to 10 m/s with pause of 15s)

36



CHAPTER 3. ABSOLOM IN MANET 3.3. PERFORMANCE ANALYSIS

• traffic = Random CBR

(packets of size 1 K ; 50 packets/connection; inter packet arrival time uniformly

distributed between 1s to 3s)

We performed some simulations of ABSoLoM alone with the above parameters in an

effort to see the effect of maximum number of acquaintances and the maximum number

of logical hops on the throughput and control overhead. When the maximum number

of acquaintances is greater than3, we saw a dramatic increase in overhead whereas the

throughput remains same. Similarly, allowing query packets to be forwarded for more

than2 logical hops increases the overhead unnecessarily without substantially increas-

ing the throughput. So we empirically fixed the maximum number of acquaintances to

be3, and the query hop count to be2 for the subsequent experiments.

Figure 3.3(a) shows the average throughput for each protocol as a function of traffic

load. While both LAR and ABSoLoM achieve high and stable throughput with increas-

ing traffic load, DSR performs poorly. This is mainly because DSR cannot deal with

link failures as efficiently as LAR, whereas ABSoLoM is not affected much by link

breaks due to geographic forwarding as discussed earlier. LAR is much more aggres-

sive in searching for new routes when compared to DSR since LAR continually expands

the estimated region of the destination and searches for a path to the destination in that

region. SLALoM performs the best since it has the advantage of both geographic for-

warding and the complete location database that allows the destination location to be

quickly ascertained. ABSoLoM did not fare as well as SLALoM since it only offers a

“soft” location management setup.

Figure 3.3(b) shows the impact of traffic load on the control overhead in each pro-

tocol measured in terms of the number of control packets received at all nodes. Control

packets in DSR and LAR consist of “route requests”, “route responses” and “route er-

rors”. In ABSoLoM we consider: periodicHELLO, ACQ REQ, ACQ ACC, LOC QRY,
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Figure 3.3: (a) Data Throughput vs. Load (b) Control Overhead vs. Load

LOC RESPandLOC UPD. In SLALoM we have: periodicHELLO, location queries,

responses, updates, notifications, and protocolmaintenancepackets that are needed to

inform a node entering a new region, of all the nodes that have that region as their home.

In Figure 3.3(b) we find DSR to have the lowest overhead since it is purely reactive in

that it only needs to broadcast a “route request” at the start of each session, or if a source

route fails. On the other hand, LAR has a very high control overhead which increases

with traffic load. This is because in LAR, if a source had heard from a destination pre-

viously, it tries to estimate the region where the destination is expected to be found,

and floods route requests in that area. Worse, if the request times out, this procedure is

carried out repeatedly by increasing the size of the flooding zone which may grow to

the entire terrain. This results in many redundant route requests. SLALoM has a high

control overhead even for lower traffics just to maintain the location database. From the

figure 3.3(b), it’s clear that the overhead in ABSoLoM, while much lesser than that of

LAR and SLALoM, is a bit more than that of DSR (note that ABSoLoM has a much

better throughput than DSR).

Figure 3.4(a) shows the route discovery latency(inphysicalhops) in each protocol.

This metric gives us an estimate of the time a source has to wait before it can initiate

data transfer after the request for a session arrives. Since the route request has to reach
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Figure 3.4: (a) Route Discovery Latency vs. Load (b) Data Throughput vs. Node
Mobility

the destination before a reply can be sent (in the absence of a cached location), route

discovery latency is higher in both LAR and DSR on average. In ABSoLoM, since a

LOC RESPcan be sent back to the source by an acquaintance (or an intermediate node),

node discovery can be much faster, as evident from the figure. SLALoM performs best

by virtue of its complete location database, where each node can query a destination’s

home region for its location. In our simulation scenario almost all queries in SLALoM

were serviced successfully by the “near” home regions, thereby reducing the overall

discovery latency considerably.

As a final test to the robustness of each protocol, we also simulated the performance

by increasing the mobility of each node. We kept all other simulation parameters same

as before but went on to increase only the maximum velocity of nodes in the Random

Waypoint model from 10 m/s to 50 m/s and fixed the pause time to 0 s. The traffic was

fixed to 200 connection requests. Figure 3.4(b) shows the throughput achieved by each

protocol with varying mobility. Both LAR and DSR suffer from increased mobility

because of increased number of source route failures, which considerably affect their

throughput. On the other hand, ABSoLoM fares much better, since higher mobility en-

ables a node to have acquaintance nodes spread all over the network, thereby ensuring

efficient destination discovery. SLALoM is not much affected by mobility either, due
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to its dependence on geographic forwarding that shields it from link breaks. Overall,

ABSoLoM emerges as a clear winner over LAR and DSR in terms of higher through-

put, lower control overhead, lower route discovery latency and performs very well in

highly mobile networks. At the same time ABSoLoM is a viable alternative to extensive

location management schemes as it performs nearly as well with a significantly lower

control overhead that would lead to lower power consumption and lesser congestion.

3.4 Summary

In this chapter, we have described a few popular schemes for routing in mobile ad hoc

networks, and have showed that these schemes perform rather poorly in networks with

high traffic volume and node mobility. Geographic routing has been shown to be a

possible candidate for routing in such networks, and we have proposed a novel scheme

known as Acquaintance Based Soft Location Management (ABSoLoM), in which nodes

use the real life concept of making acquaintances and keeping in touch with them re-

garding their current locations, for efficient geographic routing. ABSoLoM, inspired

by the “small-world phenomenon” concept, combines the advantages of purely reactive

protocols with the concept of location databases to offer a cost effective solution that

is intended to bridge the gap between the two extremes of flooding and complete loca-

tion management schemes. The number of acquaintances that a node can have, and the

number of query steps are the two parameters that need to be tuned for the efficient op-

eration of ABSoLoM. By empirically selecting appropriate values for these parameters,

we have shown that ABSoLoM not only outperforms flooding protocols like DSR and

LAR in terms of throughput, discovery latency and control overhead, but also performs

as well as “hard” location management schemes like SLALoM at a significantly lower

control overhead.
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Chapter 4

A Hierarchical Framework for

Practical Mobility Modeling

In this chapter, we present our hierarchical mobility framework inspired by the socio-

logical influence on the wireless users’ movement. Mobility has been shown to affect

protocol performance quite severely. In this light, the main challenge in effective proto-

col evaluation lies in the practical modeling of realistic mobility. Literature has already

proposed a gamut of practical mobility models and frameworks to suit different real

life scenarios. Our goal is to identify and extract mobility information that may come

into use for efficient routing. Mobility can be bound by two observable extremes:com-

pletely non-deterministic- sensors dropped at random, moved randomly by blowing

wind; andcompletely deterministic- Low Earth Orbiting (LEO) satellites that have a

fixed scheduled motion. The more practical and commonly observed mobility however,

lies somewhere in the middle of these two extremes and forms the center of our research

interest.
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4.1 Sociological Movement Pattern of Mobile Device Users

In the real world, people live within societies, where their movement is subject to social

constraints (e.g., following traffic regulations). Accordingly, although it is hard to deter-

mine the exact route taken by an individual at every turn, from a high level perspective,

any person’s movement exhibits a certain pattern that is repeated in some sequence. For

example, an employee in an office may not always take the same path from his seat to

a shared printer, but he is likely to repeat that movement a number of times during a

day. Thus, even when we cannot determine the employee’s location at a specific time,

by studying his daily job routine, we can identify a list of possible places (e.g. cubicles,

cafeteria) for locating him. In other words, there is an “orbital” movement between

these points of interest for this person.

This orbital movement pattern is also observed in a larger context. For example,

on an average weekday, the employee could leave home for office in the morning, visit

the gymnasium in the evening, and return home at night. Although we cannot predict

the exact time or route taken by the person from one point to another on any given day,

there is a number of fixed points of interest that are visited in some order, day after day,

forming a high level “orbit”. Similarly, the employee might stay in his home town for a

few weeks and visit friends and family in other cities over some weekend, forming yet

another higher level nation-wide “orbit”.

In short, the sociological movement pattern of humans is observed to be a collection

of orbits at different levels of hierarchy, where each orbit comprises of a list of areas of

interest and the movement in between them. Each such area along a high level orbit in

turn contains a low level orbit consisting of a movement among a list of smaller areas

of interest and so on, as illustrated in Figure 7.1. At each level of the hierarchy, the

mobility along the orbits differs in terms of speed from one area to another, and the

pause time in each area.
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City 3: Friends

City 2: Relatives

Level 0 orbit area

Level 1 orbit path

Level 2 orbit path

Level 3 orbit path

Porch

Kitchen

Yard

HOME

WORK

Cafeteria

Lounge

Cubicle

OUTDOORS

Gym

Mall/Plaza

Resturant

Restroom

City 1: Home Town

Figure 4.1: The sociological orbit

Interestingly, an “orbit” is one of the most natural form of motion observed in the

microscopic world of molecules, and in the planetary universe as well. In fact, one may

map certain characteristics of the natural orbits in these two extremes, to that of the

sociological orbit described above.

Electron Mobility Electrons of an atom orbit the atomic nucleus in different energy

levels. Each atom is considered stable with a specific number of electrons in them. If

this number increases or decreases, it becomes reactive, in which case electrons are

exchanged in between oppositely charged atoms to attain stability. In our society, job

opportunities and inexpensive accommodation may cause an influx of people into a city.

This may slowly saturate the place, leading to a scarcity of jobs or a high cost of living

which in turn prompts people to move out to other cities that offer better opportunities.

In this way, over a long period of time, our society tries to maintain some stability across

its city based social nuclei.

Planetary Motion All planets along with their satellites display a time and space

based hierarchical orbital model. The moon revolves around the earth in a small orbit,

lasting a month. The earth revolves around the sun in a larger orbit, lasting a year. The

sun itself revolves around the milky way in a huge orbit of its own, lasting around 226

million years (a cosmic year). Similarly, we find people moving within a small area
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(at home, work, etc.) for a few hours, forming small orbits at different parts of the

day. A high level orbit, along which a person moves from one such area to another

lasts for days or weeks. Over a period of months or years, a person may travel between

cities along yet another higher level orbit. To the best of our knowledge, there exists no

mobility model or framework that captures this hierarchical orbital movement pattern,

despite its practicality.

The rest of this chapter is outlined as follows. In Section 4.2 we outline our mo-

bility framework in greater details. In Section 4.3 we demonstrate the usefulness of

our framework to generate practical mobility models and then analyze these models in

Section 4.4. Finally we conclude our work in Section 4.5.

4.2 ORBIT Mobility Framework and Parameters

Keeping the sociological orbit in mind, we developed a mobility framework called OR-

BIT that incorporates the orbital movement pattern to easily generate practical models

suiting various scenarios. The basic building blocks in ORBIT are the different levels

of orbit. The versatility of ORBIT is in the fact that the mobility modeler in each orbital

level may be viewed as a black box outputting node mobility traces, given inputs for

that specific level. We model the lowest level orbit (level 0 in Figure 7.1) a bit dif-

ferently than the higher level ones in terms of the output generated. More specifically,

our black box for level 0 orbit takes as input a smallest area of interest and a given

duration, and generates mobility traces within the area for that duration. In contrast, at

the higher levels, the black box takes as input a list of areas of interest and generates

a visiting sequence, as well as the mobility trace from one area to another. The exact

nature of the traces generated by the black boxes at any level depend on the mobility

model implemented within it, and hence is user defined. Figure 4.2(a) suggests a few of

the existing mobility models that can be used in our framework at different hierarchical
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levels (references for these models are in Chapter 2 Section 2.4). For example, at level

0, we could use the Manhattan model to generate mobility traces within a city, and at

level 1, apart from generating a sequence of cities to visit, we could use the Freeway

model to generate inter-city movement. This is an additional strength of the proposed

ORBIT framework, which can integrate all other models into a single domain providing

practical models that are not only highly detailed, but are also capable of accommodat-

ing geographic hierarchies of cities and nations. Moreover, by appropriately fixing the

area and duration of the lowest level 0 orbit, it is possible to simulate both small scale

and large scale networks within the same framework.

Mobility trace in areas

1. Type of model
2. Model parameters
e.g.,

a. list of areas
b. frequency of change
c. traffic specification

e.g., Area Zone, 

Freeway,
NATMOD,

Higher level black boxes (level 1, level 2, ...) 

P2P Linear

e.g., City Area, INTMOD

1. Sequence of areas to visit

2. Mobility trace from one

area to another

e.g.,
Street Unit,
METMOD,
UDel,
RPGM,
Manhattan,
Random Waypoint

Lowest level black box (level 0)

c. duration of stay
b. obstacles, restrictions

2. Model parameters

1. Type of model

d. speed range

a. area specification
e.g., for specified duration

Hub A

Hub B

Hub C

Hub E

MAO 2: Hub C, Hub D, Hub E
MAO 1: Hub A, Hub B, Hub C

Hub D

GO: MAO 1, MAO 2GO (Periodic change of MAO)
MAO (P2P Linear)
LAO (Random Waypoint)

MAO 1 Area MAO 2 Area

(a) (b)

Figure 4.2: (a) The ORBIT framework (see Chapter 2 Section 2.4 for model references)
(b) Our simplified ORBIT mobility framework

The Simplified ORBIT Framework : To facilitate our discussion, we consider a

simplified ORBIT with three hierarchical orbital levels. It is worth noting that given

the generality of the ORBIT framework as discussed earlier (and in Figure 4.2(a)),

the following choices and assumptions made, serve only to simplify our quantitative

analysis.

At the lowest level, we assume a rectangular area of interest, referred to as aHub.

For simplicity, we choose the Random Waypoint model within this area, but modify

it slightly to fix the average speed decay problem by setting only non-zero minimum

speed, as suggested in [136]. We refer to the movement inside the Hub as aLocal
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Area Orbit (LAO). For the next higher level, we consider a random selection process

from a list of given Hubs. To move from one Hub to another, we choose to implement a

simple model where a node picks a random point inside the new Hub and moves linearly

towards it from its current location. We call this model asP2P Linear, and refer to this

level of mobility as aMedium Area Orbit (MAO). For the highest orbital level called

theGlobal Orbit (GO), we just consider a change in the list of Hubs given to the lower

MAO. In this simplified framework, the MAOs may either overlap with a common Hub

as shown in Figure 4.2(b), or may also remain disjoint as in Figure 7.1.

Simplified ORBIT Parameters: Considering the simplified ORBIT framework as

an example, the parameters required to describe the framework could be divided into3

sections, as depicted in Table 4.1.

Table 4.1: ORBIT Parameters
Category Parameter
Global Total Hubs

Attributes Hub Size (min, max)
Hub Stay (min, max)

Global Pause (min, max)
MAO Node Hubs (min, max)

Specific Node Speed (min, max)
LAO Hub Pause

Specific Hub Speed (min, max)

A Hub is assumed to be a rectangular area within the simulation terrain, with sides

bounded byHub Size. Initially, a specific number (bounded byNode Hubs) of Hubs

is assigned to each node as part of its MAO. Nodes travel along their MAO from one

Hub to another with speeds bounded byNode Speed. On reaching a Hub, a node moves

according to the Random Waypoint model with speeds bounded byHub Speedand

pauses forHub Pauseamount. Each Hub requires a visiting node to stay for a time

bounded byHub Stay, which is also referred to as theLAO Timeout. When this timeout

occurs, the node randomly selects another Hub from its list and moves towards it along
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its MAO, and initiates a fresh LAO upon reaching it. The MAO itself expires after a

duration bounded byGlobal Pause, also referred to as theMAO Timeout, whence a fresh

list of Hubs are assigned to the node to start a new MAO. Successive MAOs form the

GO for the node. The actual speed limits in the LAO and the MAO will depend on the

type of scenario being modeled.

4.3 Orbit Based Mobility Models

In this section, we demonstrate the applicability of the models generated by our frame-

work. We show that common mobility models like Random Waypoint [26] and Ran-

dom Walk [64] can be trivially produced by our simplified framework by appropriately

choosing values for our ORBIT parameters. In addition, we generate several new mod-

els as examples, which may be used to simulate realistic scenarios.

Random Waypoint and Random Walk If we let a single Hub cover the entire ter-

rain, and set the LAO Timeout to the simulation time, all the nodes will follow Random

Waypoint in the single Hub. On the other hand, the entire terrain can be tiled into Hubs

in such a way that a node can go from one Hub center to any adjacent Hub center in

a single simulation step ı.e. unit time). By setting the LAO Timeout to zero (i.e. no

pause), and selecting the visiting sequence to go through only adjacent Hubs that are

either to the right of the current hub with probabilityp, or to the left with probability

1-p, a Random Walk is generated. Figure 4.3 illustrates both these scenarios. Although

these examples are trivial, they serve to illustrate the capacity of ORBIT to emulate

existing mobility models that are commonly chosen for evaluating MANET protocols.

Random Orbit Among all the new models to be described, this is the most general.

Figure 4.4 illustrates this Random Orbit model, where we assume each Hub to be a

rectangular region with varying sizes. In each Hub, nodes move in an LAO with LAO

Specific Parameters, and use the MAO Specific Parameters to travel from one Hub to
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(ii)

Hub 0

LAO in Hub 0

MAO :  Hub 0 Hub 0

Hub 3

Hub 6

Hub 9 Hub 11

Hub 5

Hub 8

MAO :  Hub 0, Hub 1, ... Hub 11

MAO inbetween Hubs

(i)

Figure 4.3: (i) Random Waypoint (ii) Random Walk

Table 4.2: Real Life Speed
Category Type Range
Walking Average = 1.34m/s

Olympic Record ≤ 4.02m/s
Running Average = 4.00m/s

Olympic Record < 10.00m/s
Cycling Average = 8.94m/s

Olympic Record < 13.89m/s

another in the same MAO. On an MAO Timeout, a new set of Hubs are chosen to form

a new MAO. While in an MAO, nodes visit their Hubs in a random sequence. This

model is useful for representing regular city traffic. Each Hub represents an office or

residential area, where people move around in their sociological orbits. We observe

pedestrian traffic inside Hubs, and faster vehicular traffic in between Hubs. To assume

realistic speeds we refer to the work done in [78, 107, 134], as summarized in Table

4.2. Accordingly, we fix our LAO parameters (i.e. Hub Speed (min, max)) to1m/s and

10m/s, and the MAO parameters (i.e. Node Speed (min, max)) to faster speeds of10m/s

(23mph) and30m/s (67mph).

Uniform Orbit This model is similar to Random Orbit, except for the setup of the

Hubs. More specifically, unlike in the previous model, the entire terrain is divided

into a grid of Hubs, with no Hubs overlapping with any other as seen in Figure 4.5(i).
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MAO 2: Hub 2, Hub 3, Hub 5

Hub 1
Hub 2

Hub 4

Hub 5

Hub 3

LAOs in Hubs
MAOs inbetween Hubs
MAO 1: Hub 1, Hub 2, Hub 3, Hub 4

Figure 4.4: Random Orbit: City Model

Such a model may be used to simulate smaller scenarios like a School building, which

is divided into a set of non overlapping classrooms. Students keep moving from one

classroom to another along an MAO, and spend some time in each room along an LAO.

The MAO might change after weeks/months along a GO.

MAO :  Single HubsMAO 2 :  Hub 0, Hub 1, Hub 3

(i)

Hub 2 Hub 3

Hub 0 Hub 1

MAO 1 :  Hub 0, Hub 2

LAO in Hubs
MAO inbetween Hubs

LAO in Hubs

(ii)

Hub 0

Hub 3Hub 2

Hub 1

Figure 4.5: (i) Uniform Orbit: School (ii) Restricted Orbit: Office

Restricted Orbit This model is similar to Uniform Orbit, except that in this model,

each MAO consists of a single Hub. In effect, an MAO is identical to an LAO, and there

is no inter-Hub movement as shown in Figure 4.5(ii). This model is useful in simulating

an office building scenario, that is made up of several non overlapping departments (or

Hubs). Employees belonging to a particular department generally restrict themselves to

a particular office space, thereby having no inter-Hub movements along the same MAO.

Over time, their work might require them to shift to a different department, causing their
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MAO to change along their GO.

Overlay Orbit In this model, we have the same setup as the Restricted Orbit. How-

ever, we overlay an extra Hub on top of the grid of Hubs, that spans the entire terrain.

Movement in this model’s MAO is also restricted to a single Hub. However, due to the

overlaying nature of the extra Hub, nodes in this Hub move through all other smaller

Hubs as seen in Figure 4.6. Such a model is useful for simulating exhibition/convention

scenarios where a fixed number of organizers/presenters set their stalls up in small non-

overlapping sections, while general people/attendees move across from one stall to an-

other.

LAO in Hub 5

MAO : Single Hubs Only

Hub 1 Hub 2

Hub 3 Hub 4

Hub 5

LAOs in Hubs 1,2,3,4

Figure 4.6: Overlay Orbit: Exhibition/Convention Area

4.4 Analysis of Model Characteristics

In this section, we analyze the models generated by the proposed ORBIT framework

using a few of the protocol independent metrics defined in [7], which were shown to

affect the basic building blocks of different routing protocols, thus accounting for the

effect of mobility models on protocol performance. Our motivation for this analysis is

to illustrate that our models generated as examples, differ with respect to these metrics

when any ORBIT parameter is varied, providing multiple choices for modeling mobility

in different scenarios. We choose to vary the number of Hubs in our study, since this

50



CHAPTER 4. HIERARCHICAL MOBILITY 4.4. ANALYSIS

also causes the Hub sizes to vary in all our grid based models (i.e. all except Random

Orbit). Although our modified Random Waypoint model has a single Hub and yields a

constant result when the number of Hubs varies, it is included as a reference point in

our simulations. We perform our simulations in GloMoSim [137] with 100 nodes in a

1000 x 1000 sq. meter area for 1000 seconds. Each node is assumed to have a Radio

Range of 250 meters. ORBIT parameters are used as follows.

• Hub Size (min/max) = (150/250)m (Random Orbit)

• Hub Stay (min/max) = (50/100)s

• Global Pause (min/max) = (250/500)s

• Node Hubs (min/max) = (1/Total Hubs)

• Node Speed (min/max) = (10/30)m/s

• Hub Speed (min/max); Pause = (1/10)m/s; 1s

To analyze our models, we use the average degrees of spatial and temporal depen-

dency as the mobility metrics, and the average number of link changes and link duration

as the connectivity graph metrics. For a detailed description of the metrics, the reader is

referred to [7]. No single metric serves as the determining factor in choosing one model

over another.

4.4.1 Mobility Metrics

For this particular metric, we consider only the average degrees of spatial and temporal

dependencies.

Average Degree of Spatial DependenceSpatial Dependence indicates the similar-

ity in the velocities of two nodes that are within a specific range from each other, which
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is chosen to be2∗ (RadioRange) in our simulations. Since Restricted Orbit and Over-

lay Orbit do not allow inter-Hub movements, nodes in the same Hub follow the same

Hub parameters for a long time, resulting in a high spatial dependence as seen in Figure

4.7(a). Random Orbit and Uniform Orbit support inter-Hub movements and hence have

a lower value for this metric, while our modified Random Waypoint has an intermediate

value.
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Figure 4.7: (a) Spatial Dependence vs. Number of Hubs (b) Temporal Dependence vs.
Number of Hubs

Average Degree of Temporal DependenceTemporal Dependence indicates the sim-

ilarity in the velocities of a node within a specific time interval, which was taken to be

20 seconds in our simulations. In Random Orbit, the Hub sizes are not affected by the

number of Hubs, unlike in the other models, but the amount of overlap among Hubs

increases sharply. Due to this overlapping, the inter-Hub movements end up being short

(a node quickly reaches one Hub from another), similar to the intra-Hub movements

causing frequent changes in mobility and leading to a low temporal dependence as seen

in Figure 4.7(b). In our modified Random Waypoint, nodes have a single LAO where a

slower speed change results in a high value for this metric. For the remaining models, a

larger number of Hubs means a larger number of different Hub parameters that a node

is subject to, leading to a steady decrease in the temporal dependence with an increase

in the number of Hubs.
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4.4.2 Connectivity Graph Metrics

For this particular metric, we consider only the average number of link changes and link

duration.

Average Number of Link ChangesThis is the average number of times a link be-

tween two nodes (that ever existed during the entire simulation) comes up from being

down. Since in Restricted Orbit and Overlay Orbit nodes are confined to particular

Hubs, the probability of a link between two nodes in the same Hub breaking (and then

coming up later) is small. In our modified Random Waypoint, links that would break

when two nodes move away, have a low probability of coming up later as nodes move

slowly in the entire terrain. In Random Orbit and Uniform Orbit, a link that is formed

when two nodes visit a common Hub may break when one of them moves away, but

has a high probability of coming up again when they meet later in the common Hub.

In Random Orbit, these nodes may re-form the link even if they are in different but

overlapping Hubs, thus showing the highest value for this metric in Figure 4.8(a).
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Figure 4.8: (a) Link Changes vs. Number of Hubs (b) Link Duration vs. Number of
Hubs

Average Link Duration This is the average time a link between two nodes stays

up. The restricting nature of Restricted Orbit and Overlay Orbit proves beneficial to

link stability. Moreover, with an increase in the number of Hubs, the Hub sizes de-

crease causing the nodes to huddle even closer, increasing link duration as seen in Fig-
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ure 4.8(b). The inter-Hub movements supported by Random Orbit and Uniform Orbit

causes link breaks to happen more often, while our modified Random Waypoint shows

an intermediate value.

4.5 Summary

In this chapter, we have focused on the effect of mobility on protocol performance

and realized the importance of practical mobility modeling for realistic scenarios. Al-

though several solutions are available, none identifies the orbital mobility pattern inher-

ent within sociological movement of mobile device users. We have proposed the ORBIT

framework that is capable of integrating multiple existing mobility models into a time

and space based hierarchy, thereby creating much more practical mobility patterns.
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Chapter 5

On Profiling Mobility of Wireless Users

In this chapter, we present a novel profiling technique capable of processing sporadic

mobility trace data without any filtering and yet providing a leverage in performing lo-

cation prediction with increased accuracy when compared to general statistical methods

based on simple visit frequency to multiple locations. Profiling wireless users based

on their mobility within wireless networks has recently been proven quite beneficial to

several applications such as location prediction, resource allocation, etc. However, the

suggested approaches to profiling have varied, as well as the details of the mobility in-

formation required to build the profiles. Authors in [85, 120], base their computational

models on empirical data that are filtered to provide stable mobility data sets spanning

regular intervals of consecutive days. However, in most real systems we observe lots of

irregularity in terms of wireless users’ usage pattern of the network, where a user may

not be present in the network consistently for the entire period of observation.

We analyze a year long wireless network users’ mobility trace data collected on the

ETH Zurich campus that has many users appearing only for a few months, and in a

very sporadic manner. Unlike earlier work in [32,77,127], we profile the wireless users

based on sociological influence on their movement behavior and predict their locations.

More specifically, we show that each network user regularly visits a list of places, such
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as a building (also referred to as “hubs”) with some probability. The daily list of hubs,

along with their corresponding visit probabilities, are referred to as amobility profile.

We also show that over a period of time (e.g., a week), a user may repeatedly follow

a mixture of mobility profiles with certain probabilities associated with each of the

profiles. Our analysis of the mobility trace data not only validate the existence of our

so-called sociological orbits [50], but also demonstrate the advantages of exploiting

it in performinghub-level location predictions. Our mobility profile based hub-level

location prediction is shown not only to be more precise than a common statistical

method, but also to incur a much lower overhead. We further illustrate the benefit of

profiling users’ mobility by discussing relevant work and suggesting applications in

different types of wireless networks, including mobile ad hoc networks.

The rest of this chapter is outlined as follows. In Section 5.1 we redefine our modi-

fied sociological mobility framework and discuss different types of mobility trace data

sets in Section 5.2. In Section 5.3 we present a study of hub-based parameters and

analyze the user-based parameters in Section 5.4. In Section 5.5 we demonstrate the

usefulness of mobility profiles in performing hub level location predictions and suggest

other applications in Section 5.6. Finally, we conclude this chapter in Section 5.7.

5.1 Modified Sociological Orbit Framework

In this section, we briefly describe and enhance the sociological orbit framework we

first proposed in [50]. In the real world, it is observed that users routinely spend a con-

siderable amount of time at a few specific place(s), referred to as hub(s). For example,

in a WLAN scenario a hub may be a floor within a building or, the entire building itself,

depending on the scale of the network model. Although, it is hard (and may be even

against privacy policies) to keep track of an individual at all times, one can still take

advantage of the fact that most users’ movements are within, and in between, a list of
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hubs.
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Figure 5.1: A hierarchical view of sociological orbits

Let us consider a graduate student who only has classes on Monday, Wednesday and

Friday, when he is found on a school campus, spending most of his/her time in either

his/her laboratory, a seminar room, or the cafeteria, each of which shall form a “hub”

in this example (as shown in Figure 7.1). The actual list of hubs visited by the student

on the same day is called a “hub list”. Even if such hub lists may vary from one day to

another, that variation is only marginal (as shown later in Section 5.4). In most cases,

a number of hub lists over a period of days may be clustered together and represented

by a single “weighted hub list”, where the weight associated with each hub denotes the

probability of the student visiting that hub within that period. In this work, we shall

refer to such a weighted hub list to be a user’s “Mobility Profile”, and the movement

in between the hubs within a profile as an “Inter-hub Orbit” (IHO). If one wishes to

locate the student on a school day, knowing thisSchool Profilewithin the campus shall

be helpful, where one can most probably find him/her in either the laboratory, or the

seminar room, or the cafeteria, without having to look all over the campus.

In real life, it is observed (and later verified from the analyzed data) that a user over

long periods of time is usually associated with more than one mobility profile, mixed

with certain probabilities. This is shown in Figure 7.1 as theWeekend Profileand the

Home Profileto account for the student’s remainder of the week. Such a movement
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in between multiple profiles at a higher level is referred to as the “Inter-profile Orbit”

(IPO). Over different periods of time, this mixture of profiles may change, causing what

we call an “IPO Timeout”. The IPO and the IHO together constitute the hierarchical

sociological orbitat two different levels. In this work, such orbital mobility information

is shown to be most helpful in predicting the hub-level location of a user with much

more accuracy than a general statistical method at a much lower overhead.

Table 5.1: Orbital Parameters
Category Parameters

Hub-centric
Hub Form
Hub Visits

Hub Stay Time

User-centric
Mobility Profiles

Hub List Size

To formalize the sociological orbit framework, we divide the orbital parameters into

two categories:Hub-centric, and User-centric, as listed in Table 5.1. On thehub-

centric side, theHub Formdepends on the actual definition of a hub in the network

being modeled;Hub Visitsdenotes the number of users visiting a hub in a given period;

and theHub Stay Timeis the amount of time a user spends at one stretch within a hub.

On theuser-centricside, theMobility Profile Parametersinclude a list of hubs and their

corresponding weights, and theHub List Sizerefers to the number of unique hubs visited

by a user on a day. Although, the study in [32] is similar to our study of the hub-centric

parameters, to the best of our knowledge this work is the first to discuss and analyze the

user-centric aspects related to sociological orbits.

5.2 Wireless Users’ Mobility Traces

In this section we briefly discuss the kinds of mobility traces currently available and the

type of mobility information that favors our orbital analysis. Broadly, we may classify
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the method of obtaining mobility traces in the following4 categories:

1. AP-based traces collected by APs: User/MAC ID, APs ID, times of events

like association, disassociation, roaming etc. Examples include traces from Dart-

mouth [76] and ETH Zurich [127]. In order to translate AP-based traces to hub-

level movement, we must aggregate the traces from multiple APs located in the

same hub (e.g., a room or a building depending on the definition of the hub).

This requires specific information regarding the location of each AP, but APs can

be relocated or even decommissioned (in which case, its original location infor-

mation is often lost, making its traces useless). An additional difficulty is that a

user in a hub may be physically close to an AP in the hub but can be associated

with another AP in a different hub, which sometimes also causes the so-called

“ping-pong” effect. Furthermore, “missed poll” events and reliance on the users

to turn on and off its device when entering and leaving a hub make it difficult to

obtain a good estimate of the “hub staying time” or “inter-hub travel time”, two

measures of interest for building mobility profiles (and making intelligent routing

decisions).

2. AP-based traces collected by devices (PDAs, Laptops, etc.) carried by wire-

less users and uploaded to database servers: Examples include traces from

UCSD [98]. The specific data set in UCSD were from257 undergraduate stu-

dents carrying PDAs around for a period of 6 months. During this time, the PDAs

not only recorded the APs they associated with, but also all the other APs that

were visible at any time. Such user initiated trace collection is potentially more

useful for studying users’ hub-level mobility profiles. However, in this data set,

a total of around500APs were visited by these PDAs, out of which only around

200APs were identified to be within the UCSD network and could be located with

exact geographical location coordinates. In addition, only 24 (out of 257) users
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had traces that strictly involved the∼ 200APs with known location coordinates.

This makes the data set inadequate for the proposed study.

3. User contact-based traces without location information: Examples include

experiments by Intel Research at Berkeley (HAGGLE) [65]. Such traces pro-

vide useful indications of available opportunities for ad hoc wireless networking.

However, they are devoid of the information on the location where each volunteer

were or where peers met with each other. As such, it is not suitable for any study

that would require location information.

4. User location-based traces collected by GPS or other devices carried by wire-

less users. Ideally this type is most suitable since it allows us to observe and

collect true sociological movement behavior of people who also use wireless net-

works from time to time. Unfortunately, such traces were not initially available,

leading us to analyze AP-based traces instead as described below. In recent times,

UMass Amherst has made such DTN traces available [27].

In the following sections we analyze wireless network users’ mobility trace data

collected on the ETH Zurich campus from1st April, 2004till 31st March,2005. There

were a total of13,620users,43 buildings, and391Access Points (AP). The data was

obtained as system logs from the APs which recorded theassociation, disassociation,

missed polls, androamingevents for users during the given period. Most users were

seen to be present in the network for short durations in a sporadic manner. First, to study

the observed distribution of thehub-centricparameters of the framework, we setup an

Oracle database with these traces and employed standard SQL queries1. Second, to

analyze theuser-centricparameters we employ a clustering algorithm using aMixture

of Bernoulli’s. We also develop efficient methods to model and analyze mobility profiles

to validate the existence of sociological orbits. Finally, we use the mobility profiles to

1We thank Nirmal Thangaraj for developing the SQL queries
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do hub-level location predictions more precisely than a statistical method, and at much

lower overhead.

5.3 Hub-centric Parameter Distributions

In this section, we shall define and discuss the major parameters related to the concept

of “hubs”.

5.3.1 Hub Form

Hubs are generally defined as places of social importance. However, the hub form

(e.g., size, shape) is mostly related to the type and scale of the network of interest. For

instance, in a campus-wide wireless network (like the one we study in this work), one

could consider each AP, or room, or floor, or the entire building to be a hub. Different

choices are driven by the specific interest in the granularity of the movement of the

users. For example, if one is only interested in identifying one building out of many

(which say are located far apart on the same campus) to locate a user, and not the

specific room or, the floor within the building (which say has a local network connecting

all the rooms), then each building should be considered as a hub. As such, this decision

also affects the time spent in each hub, and the total number of hubs in the model. A

reasonable approach to decide upon a suitable hub form is to maximize the benefit of

a high level orbital information, without having to monitor/update short-term or, short-

range mobility information.

Note that in a broadly defined network of people, a hub is not required to have an

AP (unlike in [32]), in which case a hub may still be identified in a variety of ways. The

use of GPS service is the obvious first choice. Alternatively, in the broader contexts of

pervasive/ubiquitous computing[2], andAmbient Intelligence(AmI) [112], localization
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in a cosmopolitan area will be even more readily available.

For the data we analyze here, each AP name includes the name of the associated

building, which makes it possible to group the APs together and map the AP-based

traces to hub-based movements where we consider each building within the entire ETH

Zurich campus to be a hub. There are a total of43 buildings/hubs that we analyze in

the traces. We assign an unique “Hub ID” to each hub based on the decreasing order

of daily hub visits (as to be discussed in the next Section 5.3.2). Some of these are

academic buildings, libraries, cafeterias, etc. Each building has a number of floors, and

each floor has multiple rooms, some of which have APs within them. Accordingly, a

hub in our case may be covered by multiple APs.

5.3.2 Hub Visits
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Figure 5.2: Hub visitations and AP distribution within hubs
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In Figure 5.2(b), we plot the frequency with which network users visit each hub on

a daily, weekly, and monthly basis to study the degree of social significance for each

hub. As can be seen from Figure 5.2(b), only a few hubs (hub IDs1 through4) record

large number of user visits, making them most “socially popular”. We find the fraction

of total node visits recorded by each hub to follow a power law distribution as shown

in Figures 5.2(c) and 5.2(d). Also, the distributions for daily, weekly, and monthly

visits are observed to be almost identical, indicating a temporal consistency of the social

significance of each hub. For example, on either daily, weekly or, monthly basis, hub

2 is always seen to have a hub visitation probability of around0.19. In Figure 5.2(a),

we plot the number of APs in each hub. Interestingly, with the exception of hub16,

we observe the number of APs in each hub to be proportional to the number of its

user visits. Larger number of APs could either indicate a larger size hub, or one may

infer that there is a higher probability of recording AP-based system events (i.e., people

turning on their network devices) in places with a stronger network (i.e., more number

of APs). Whatever the cause and effect relation be, overall it is evident from Figure 5.2

that the number of popular hubs issignificantly smallerthan the total number of hubs,

and such information may be useful for efficient information dissemination within a

network by directing information to one of these popular hubs first.

5.3.3 Hub Stay Time

The Hub Stay Time parameter signifies the absolute time in between anassociation

event, and either adisassociationor, missed pollor, aroamingevent as recorded by an

AP for a user. We measure the stay times in the granularity of10minutes and prune all

values larger than48 hours as they could indicate errors in the system logs. All other

values are plotted in Figures 5.3(a) and 5.3(b). As seen in Figure 5.3(a), hub stay time
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of 10 minutes occurred most often, and there is a sharp drop and gradual decrease for

20 minutes or more. Figure 5.3(b) plots the hub stay time distribution at the hourly

level, which is shown to follow a power law distribution. Most users are seen to stay in

a hub for4 hours or less, with the percentage of people staying in a hub for more than

12hours being significantly lower. This fits in well with the diurnal cycle of mobility of

casual network users (i.e., work/roam in day, and stay at home at night). Figure 5.3(c)

displays the average hub stay time recorded by each hub. It is interesting to note that on

an average, the hubs that recorded a lower number of user visits in Figure 5.2(c) seem

to have the higher (geq60 minutes) average hub stay times. This may be due to the fact

that while some hubs (e.g., cafeteria) record high number of shorter visits, others (e.g.,

library) may record lower number of longer visits. Such social influences on mobility

patterns of users around hubs may be efficiently leveraged upon by applications such as

routing.
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Figure 5.3: Hub stay time distributions

5.4 Analysis of User-centric parameters

In this section, we shall analyze theuser-centricparameters by examining individual

network user’s movement. To help select appropriate sample users, we first divide all the
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users in different user groups based on the number of days they are found to be “active”

within the network (i.e., associated with at least one AP in the day). In Figure 5.4, we

plot the fraction of total population vs. the number of their active days. The x-axis

shows a range of values, i.e.,25 denotes up to25 active days,50 denotes anywhere

between26 and50 active days, and so on.80% of the total population is seen to be

active for only25days or less in an year. Based on Figure 5.4, we categorize users in6
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different groups (G j ) as follows:G1 (Active for 0 to 25 days),G2 (Active for 26 to 50

days),G3 (Active for 51 to 75days),G4 (Active for 76 to 100days),G5 (Active for 101

to 125days),G6 (Active for 126to 150days).

We wish to choose one user to represent each group who is the “most active” within

that group (i.e., we wish to maximize both the number of active days and the hub list

size within each group). For a given groupG j , let D j
max andL j

max be the maximum

number of active days and maximum average hub list size respectively, across all users

in G j . Let the pairD j
i andL j

i denote the number of active days and the average hub list

size for a particular useri in G j . Then, to represent groupG j we need to find a user who

canminimize

α(
D j

max−D j
i

D j
max

)+β(
L j

max−L j
i

L j
max

) (5.1)

where,α andβ are weights associated with each term. The results of using (5.1) with
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α = 0.5 andβ = 0.5 (we weigh both the number of active days and the hub list size

equally) is summarized in Table 5.2. The basic intuition behind selecting the “most

active” user from each group is the availability of more statistically significant mobility

data for such an individual. At the same time, studying users from different groups help

represent most of the total population as seen in Figure 5.4. Alternately, one may also

select the sample users from each group to find users that are either “least active” or,

“active on average”.

Table 5.2: Sample users from all Groups
Group MAC Di Li

G1 0004.2396.92ab 24 2.29
G2 0001.e30d.d737 49 3.27
G3 0004.2398.82c0 71 4.08
G4 0020.e089.9376 98 2.46
G5 0004.2396.8ced 119 2.13
G6 0005.4e41.cf1d 126 2.63

5.4.1 Model for Analysis of Mobility Profiles

We now present a study on the mobility of these6 sample users.The key thing to note

here is that none of these6 users appear in the network for consecutive calendar days

in their entire active period. So in the following, we only consider consecutive active

day IDs, which may be far apart from each other with respect to actual calendar days.

This is the inherent sporadic nature of our mobility data.We first plot their hub stay

times in all the hubs during their active period, as shown in the3-D Figure 5.5. To filter

out noises (i.e., very brief hub stay durations), we run a horizontal plane parallel to the

threshold value of5 minutes across the plots shown in Figure 5.5 to obtain2-D plots in

Figure 5.6 showing only which hub(s) is(are) visited by a user (for more than5 minutes)

on a given active day.
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Figure 5.6: Daily hub visitation patterns of all sample users

Next, we define ann dimensional space, where each dimension refers to a hub (i.e.,

n = 43 in our case). The hub list for a user in any given day (which is nothing but a
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binary vector of hub visits) may then be represented by a point in this space. For a

particular user, similar hub lists on different days would generate several overlapping

points whereas, two hub lists that differed only in terms of one or two hubs would

generate points “close” to each other in this space. We use a clustering algorithm that

helps define this concept of “closeness” by considering hub lists that say only differ

in a maximum of1 or, 2 hubs to be “close” and to belong to the same cluster. The

mean of the cluster, which is a weighted hub list, then represents a mobility profile, as

is described in more detail below.

5.4.2 Using a Mixture of Bernoulli’s to Profile Mobility

A suitable choice to model the binary hub visitation vectors is aMixture of Bernoulli

distribution. In this mixture model there shall be more than one mixture component

where, each component is considered an unique mobility profile represented by the

component mean. Thus, a profile is nothing but a distribution over the hub visitation

probabilities (i.e., a weighted hub list). We refrained from using the commonly used

Mixture of Gaussianmodel because the domain of the Gaussian variable, being (−∞,∞),

is clearly not suitable for binary valued vectors. Assuming that the current mobility

profile of a user is known, we model each hub visitation by a user as an independent

event. On the other hand, if the current profile is not known, the general probability of a

user visiting a hub is dependent on the probability associated with each mobility profile.

The latter fact is crucial, since it allows for the knowledge of a user’s hub visits to help

infer the current mobility profile and therefore the probabilities of visits to other hubs

on the same and future days, as shown later in Section 5.5.

More formally, we useh (1≤ h≤H) to denote the unique hub id andi (1≤ i ≤ n) to

denote the day index, whereH andn are the total number of hubs and days respectively.

On each dayi, we define a user’s hub list to be a binary vector of hub associations
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y(i) = [y(i)
1 , . . . ,y(i)

H ] where each elementy(i)
h ∈ {0,1} such thaty(i)

h is equal to 1 if hub

h was visited on dayi, and zero otherwise. We denote the complete trace of hub visits

across alln days with the symbolY, which is the collectionY = {y(1), . . . ,y(n)}. The

total probability ofY is given by the product of a mixture of independent Bernoulli

distributions as follows:

p(Y) =
n

∏
i=1

p(y(i)) ,

where,

p(y(i)) =
k

∑
j=1

p( j)
H

∏
h=1

p(y(i)
h |ρ j,h) .

Here,k is the number of mixture components (or, mobility profiles);p( j) is the prob-

ability of following profile j; ρ j,h is the probability of visiting hubh on a day when

following profile j. This framework is a generative Bayesian model in the sense that it

defines a probability to every possible outcome, or pattern, that can be produced forY.

This mixture model is trained using the Expectation-Maximization (EM) algorithm

of Dempster, Laird and Rubin [40]. By employing consecutive Expectation (E)- and

Maximization (M)- steps, the probability of the entire data setY is guaranteed to monoton-

ically increase (or, remain the same). The E-step consists of computing the posterior

probability of membership of a datum (or, hub list) across thek mixture components

(or, mobility profiles). Intuitively, at this E-step we look at each hub list and try to guess

the mobility profile being followed on that particular day. Formally, this corresponds to

computing theresponsibilitiesof each component in the mixture, denoted byr(i)
j , such

that∑k
j=1 r(i)

j =1, and are found using Bayes’ theorem:

E-step r(i)
j ≡ p( j|y(i)) =

p( j)p(y(i)| j)
p(y(i))

(5.2)

∀i = 1, . . . ,n and ∀ j = 1, . . . ,k .
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The M-step of the EM algorithm updates the parameters of each of thek components

of the mixture model, in light of the responsibilitiesr(i)
j computed in the E-step. In

other words, at this M-step we look at the probabilistic associations of the hub lists

with each profile computed in the E-step, and update both the probabilities associated

with each profile (i.e., mixing proportions), and the probabilities associated with each

hub visitation within a profile. Thus, formally the parameters of the mixture model

are: the mixing proportions, denoted by vectorπππ = (π1, . . . ,πk) whereπk = p(k) such

that∑k
j=1π j = 1; and for each mixture componentj, there is a vector of dimensionH

of probabilities of each hub being used, denoted byρρρ( j) = (ρ j,1, . . . ,ρ j,H). Thus each

component in the mixture represents a mode of a user’s interaction with a subset of the

H hubs available (i.e., each profile is nothing but a weighted hub list). The updates to

the parameters in the M-step are as follows:

M-step,πππ π j =
1
n

n

∑
i=1

r(i)
j (5.3)

∀ j = 1, . . . ,k .

and

M-step,ρρρ ρ j,h =
∑n

i=1 r(i)
j y(i)

h

∑n
i=1 r(i)

j

(5.4)

∀ j = 1, . . . ,k and ∀h = 1, . . . ,H .

In this study, for each user we choose the number of componentsk (i.e, profiles)

for each mixture model by visual inspection of the data distribution and initialized the

mixing proportionsandcomponent meansat random such that each profile has moderate

associativity with hub lists. An alternate approach may include approximate Bayesian

model selection techniques, e.g. via the Bayesian Information Criterion (BIC; [117])
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or, other criteria. Figure 5.7 shows the pattern of mobility profiles over all the days.

Table 5.3 lists both the probability that a user is in a given profile, and the probability that

a hub is visited when following a particular profile. As an example, from Figure 5.7(a)

we find that the sample user from groupG1 is following his/her mobility profile1 on

day 14. From Table 5.3 we see that given profile1 for that user, the hub visitation

probabilities indicatedefinitevisits to hubs1,4,15 and18 on day14, which may then

be verified from his/her actual hub list distribution shown in Figure 5.6(a).
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Figure 5.7: Daily distribution of mobility profiles

5.4.3 Overcoming Shortcomings of our Clustering Algorithm

Mixture of Bernoulli’s distribution is able to cluster hub lists into mobility profiles,

thereby enabling us to efficiently represent apparently chaotic AP system logs as prob-

abilistic mixture of mobility profiles. In the next section, such profiles are even shown

to be effective in making more accurate location predictions. However, this technique
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Table 5.3: Mobility Profile Parameters
Group 1 Profilesj(πππ j) Hub ID h (Hub Visitation Probabilityρ j,h)

1 (0.08) 1(1.0), 4(1.0), 15(1.0), 18(1.0)

2 (0.31) 1(1.0), 4(0.83), 8(0.27), 10(0.54), 11(0.27), 13(0.13), 18(0.13)

3 (0.61) 1(0.38), 4(0.81), 5(0.07), 15(0.34)

Group 2 Profilesj(πππ j) Hub ID h (Hub Visitation Probabilityρ j,h)
1 (0.02) 1(1.0), 9(1.0), 14(1.0)

2 (0.14) 1(0.14), 4(0.14), 5(0.49), 43(1.0)

3 (0.31) 1(1.0), 3(0.27), 5(0.8), 8(0.4), 9(0.53), 10(1.0), 13(0.6), 26(0.13), 27(0.2), 38(0.07), 43(0.07)

4 (0.53) 1(0.54), 3(0.08), 5(0.68), 8(0.04), 9(0.19), 13(0.08), 43(0.11)

Group 3 Profilesj(πππ j) Hub ID h (Hub Visitation Probabilityρ j,h)
1 (0.06) 1(1.0), 2(1.0), 5(0.75), 6(0.5), 7(0.75), 8(0.75), 10(0.5), 13(0.25), 16(1.0), 17(0.25), 29(0.25)

2 (0.25) 1(1.0), 3(0.22), 4(1.0), 5(1.0), 7(0.06), 8(0.66), 10(0.94), 11(0.06), 13(0.28), 15(0.89), 19(0.22), 26(0.11), 43(0.11)

3 (0.32) 1(0.09), 2(0.62), 4(0.05), 5(0.28), 7(0.75), 10(0.04), 15(0.05), 16(0.44), 17(0.04), 19(0.04), 25(0.18), 26(0.04), 29(0.09)

4 (0.37) 1(0.53), 3(0.12), 4(0.83), 5(0.18), 6(0.04), 8(0.04), 10(0.08), 14(0.19), 15(0.6), 43(0.11)

Group 4 Profilesj(πππ j) Hub ID h (Hub Visitation Probabilityρ j,h)
1 (0.03) 5(0.33), 8(1.0)

2 (0.17) 1(1.0)

3 (0.80) 1(1.0), 8(0.65), 10(0.9)

Group 5 Profilesj(πππ j) Hub ID h (Hub Visitation Probabilityρ j,h)
1 (0.06) 1(1.0), 3(1.0), 4(0.51), 5(0.14), 6(0.43), 8(0.29), 9(0.85), 10(0.58), 11(0.14), 13(0.58), 25(0.43)

2 (0.20) 1(0.14), 2(0.12), 3(0.22), 4(0.04), 7(0.54), 10(0.04), 15(0.26), 16(0.04), 30(0.04)

3 (0.74) 1(1.0), 3(0.36), 4(0.12), 5(0.01), 8(0.09), 9(0.06), 10(0.02), 15(0.23), 17(0.01), 21(0.01)

Group 6 Profilesj(πππ j) Hub ID h (Hub Visitation Probabilityρ j,h)
1 (0.08) 1(1.0), 3(1.0), 4(0.3), 5(0.4), 8(0.2), 9(1.0), 10(1.0), 11(0.9), 13(1.0), 18(0.1), 27(0.4)

2 (0.21) 1(0.03), 2(0.92), 12(0.19), 17(0.15)

3 (0.26) 1(0.87), 2(0.22), 4(0.7), 5(0.13), 8(0.31), 10(0.03), 11(1.0), 18(0.11)

4 (0.45) 1(0.56), 2(0.03), 3(0.045), 4(0.17), 5(0.35), 8(0.02), 10(0.05), 11(0.11), 18(0.36)

is still not sufficient for identifying a change in current profile given a sequence of hub

visit observations. For example, if we are given the current profile being followed, and

subsequently also informed about the hubs that a user visits day after day, this method

will not be able to indicate if a change in the current profile has occurred. For this

purpose, we may need to explore other time series analysis tools.

Even in its current form, our clustering algorithm treats a hub “visit” and a hub “non-

visit” as equal. This may not be desirable in the practical sense. For example, let us
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consider4 binary hub visitation vectors for a system with6 hubs (i.e., each vector will

have6 bits with “1” for a visit and a “0” for a non-visit):h1 = “110000′′, h2 = “100000′′,

h3 = “111111′′, h4 = “111110′′. If we were to compare the “closeness” ofh1 with

h2 and that ofh3 with h4, our clustering algorithm will label both pairs to be1 bit

apart from each other. However, in reality the first pair{h1,h2} have only1 hub in

common, whereas the second pair{h3,h4} have5 hubs in common. So practically, we

are more interested in the closeness of the latter pair. To enable our clustering algorithm

to differentiate between these two cases, we may need to introduce some bias towards

a “1” and away from a “0”. We shall explore the possibility of constructing a Mixture

of Bayesian Bernoulli’s distribution for this purpose.

5.4.4 Hub List Size Distribution

The results in Table 5.3 may seem to indicate that several users tend to visit many hubs

in any given day as their mobility profiles include multiple hubs. Hence, to study the

distribution of the hub list sizes of our sample users we generate daily hub lists for

each of them over their individual activation period based on their mobility profiles.

More specifically, for each day we first choose one of their possible profiles at random

following the mixing proportions, and then generate visits to each hub individually

following the hub visitation probabilities in that chosen profile. We then obtain the

aggregated (i.e., across all sample users) Hub List Size distribution and compare it with

the actual distribution observed in the trace data. As seen in Figure 5.8(a), both the

observed and the generated hub list sizes are distributed almost identically, and shorter

(≤ 3) hub list sizes occur most often.

For a more comprehensive study, we also present the hub list size distribution ob-

served for all the nodes in the analyzed data. Figure 5.8(b) shows the overall number
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Figure 5.8: Hub list size distributions

of occurrences of different hub list sizes on a daily, weekly, and monthly basis. In

these results below, each hub list size denotes theuniquenumber of hubs a user vis-

its in a day, week, or month. As seen in the figure, for all the time scales (i.e., daily,

weekly, monthly), shorter hub lists sizes (≤ 3) occur most often, following which there

is a sharp decrease for hub list sizes of4 or more. Figure 5.8(c) shows the fractional

occurrences of the observed hub list sizes, which are almost identical across the daily,

weekly, and monthly values, and may be approximated as shown with a power law dis-

tribution. Based on these results, we may infer that the length of each hub list is not

only significantly smallerthan the actual number of hubs present in the system, but is

also not dependent on the period for which the user is active. Once more, such socio-

logical movement behavior can prove beneficial to several mobile wireless systems and

applications.

5.5 Mobility Profile based Location Predictions

In this section, we highlight another important contribution of our work by showing

how the mobility profiles may be useful in making hub-level location predictions with

more accuracy than a general statistical method and at a lower overhead. More specifi-

74



CHAPTER 5. MOBILITY PROFILING 5.5. LOCATION PREDICTIONS

cally, we first show an efficient way to apply the clustering algorithm described in Sec-

tion 5.4.2 and identify the right mixture of mobility profiles with lower overhead than

compared to that in a statistical method. We then focus on two types of profile based

predictions: Unconditional Prediction, where given the hub visit information over a

window of n days, we wish to predict the hub visit patterns for the next window of

n days;Conditional Prediction, where given that we can identify the current mobility

profile of a user (based on available information about a hub a user either visited, or

plans to visit), we wish to find the probability of that user visiting another hub in that

same day.

5.5.1 Determining a Mixture of Mobility Profiles

From Figure 5.7, it becomes lucid that the seemingly random movements of a user as

seen from Figure 5.6 can now be systematically described via a mixture of mobility

profiles over a period of time. However, since this mixture will eventually change, we

still need an efficient method to identify the right mixture of profiles describing the

user’s movement pattern over a given period.Since the active days of any user are not

consecutive calendar days, we could choose any arbitrary window size of past active

day IDs to predict future locations.However, if the window size is small, we would

expect higher accuracy with higher frequency of profile updates. On the other hand,

larger window would mean less overhead at the cost of possibly lower prediction accu-

racy. In our experiments we empirically chose the window size to be10active day IDs.

Thus one may use the mobility traces of hub visits collected over10 days (our window

size) to determine the possible mobility profiles and their corresponding mixing propor-

tions using theMixture of Bernoulli’sdescribed in Section 5.4.2. It is then possible to

identify the appropriate mixture to include all the profiles with a corresponding mixing

proportion greater than some specified threshold (which is10%in our case, as shown
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in Figure 5.9). One may then choose to only consider this specific mixture for the next

10days, when the next mixture update is performed. Considering the sample user from

groupG5 as an example, we find that a mixture update (due to a significant change in

the mixture from one window to the next) is required on days20,50,60,70,80, and110,

which amounts to only6 updates for a120days activation period. Later in this section,

we show that even with such infrequent updates (i.e., low overhead) our mobility pro-

files are able to predict daily hub-level locations with more accuracy than a common

statistical method, which in contrast would require a hub visitation information update

every day.
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Figure 5.9: Windows of10days to find mixture of mobility profiles

5.5.2 Unconditional Prediction

In this part, we study the accuracy of the unconditional profile based hub-level location

prediction, and compare it with that made from statistical observation alone. We again

consider only the sample users.
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Statistical based prediction: In this method, we assume no knowledge of mobility

profiles and hence no clustering by the mixture of Bernoulli’s distribution is performed.

One simply collects the mobility traces of a sample user forn days, and then based on

the hub visit frequencies determines the user’s hub visit probabilities. This probability

distribution can then be used for hub visit predictions and may be compared with the

observed hub lists to compute the Statistical based Prediction Error (SPE) rate as

SPE=
Incorrect number o f hub predictions

Total number o f hubs
(5.5)

We consider two variations of this statistical approach. In the first one, prediction for

dayn+1 is done based on the history of pastn days. After dayn+1, the sample user’s

hub visit probabilities are recomputed based on the pastn+ 1 days and then used to

predict the hub list for dayn+2, and so on till the end of the activation period for the

sample user is reached. The error rate for this approach will be referred to asSPE-ALL

from now on.

In the second version, the past history of a window of sizen days (e.g., days1 till n)

is considered to predict the hub list for not only dayn+1 but for the entire next window

of n days (e.g., daysn+1 till 2∗n). After this the learning window shifts over the days

n+1 till 2∗n to predict hub lists for days2∗n+1 till 3∗n, and so on till the end of the

activation period for the sample user is reached. The error rate for this approach will be

referred to asSPE-W10from now on as a window size of10 is empirically chosen for

our given data set.

Profile based prediction: This approach assumes knowledge of mobility profiles.

One initially collects a sample user’s mobility traces for a window of sizen days (e.g.,

days1 till n), and then applies the clustering algorithm described in Section 5.4.2 to

find out a mixture of mobility profiles and their associated probabilities (as was shown

in Figure 5.9). Based on this profile information, one not only predicts the hub list for
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the next day (i.e., dayn+1) but also for the entire next window ofn days (i.e., dayn+1

till 2∗ n, like the second version of the statistical approach). To be more precise, for

each day, one first randomly chooses one mobility profile out of the mixture of profiles

based on their mixing proportions and then predicts the day’s hub list based on that

chosen profile. For each day within the window, one compares the hub visit predictions

with the observed hub visit values to compute the daily Profile based Prediction Error

(PPE) rate similar to that shown for SPE in (5.5). Since an empirical value of10 is

chosen for the window size, this error rate is referred to asPPE-W10from now on.

After the next window ofn days, one re-computes the mixture of mobility profiles

based only on the hub visit information of the lastn days and uses the new mixture

information to predict the hub lists for days2n+1 till 3n, and so on till the end of the

user’s activation period is reached.Note that the number of re-computations required

for each sample user in the profile based method is thus only1/n times that in the first

version of the statistical method, while it is equal to that in the second version.

 0

 1

 2

 3

 4

 5

 6

 7

 8

 9

 10

 11

 12

 13

 14

 15

 12  14  16  18  20  22  24

P
re

di
ct

io
n 

E
rr

or
 (

%
)

Active Day ID

SPE-ALL
SPE-W10
PPE-W10

(a) Group 1 (0004.2396.92ab)

 0

 2

 4

 6

 8

 10

 12

 14

 16

 18

 20

 12  15  18  21  24  27  30  33  36  39  42  45  48

P
re

di
ct

io
n 

E
rr

or
 (

%
)

Active Day ID

SPE-ALL
SPE-W10
PPE-W10

(b) Group 2 (0001.e30d.d737)

 0

 2

 4

 6

 8

 10

 12

 14

 16

 18

 20

 22

 24

 15  20  25  30  35  40  45  50  55  60  65  70

P
re

di
ct

io
n 

E
rr

or
 (

%
)

Active Day ID

SPE-ALL
SPE-W10
PPE-W10

(c) Group 3 (0004.2398.82c0)

 0

 1

 2

 3

 4

 5

 6

 7

 8

 9

 10

 14  21  28  35  42  49  56  63  70  77  84  91  98

P
re

di
ct

io
n 

E
rr

or
 (

%
)

Active Day ID

SPE-ALL
SPE-W10
PPE-W10

(d) Group 4 (0020.e089.9376)

 0

 1

 2

 3

 4

 5

 6

 7

 8

 9

 10

 11

 12

 13

 14

 15

 14  21  28  35  42  49  56  63  70  77  84  91  98  105  112  119

P
re

di
ct

io
n 

E
rr

or
 (

%
)

Active Day ID

SPE-ALL
SPE-W10
PPE-W10

(e) Group 5 (0004.2396.8ced)

 0

 2

 4

 6

 8

 10

 12

 14

 16

 18

 20

 22

 24

 14  21  28  35  42  49  56  63  70  77  84  91  98  105  112  119

P
re

di
ct

io
n 

E
rr

or
 (

%
)

Active Day ID

SPE-ALL
SPE-W10
PPE-W10

(f) Group 6 (0005.4e41.cf1d)

Figure 5.10: Unconditional prediction comparisons
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In our experiment, we choose a window size ofn = 10 to be consistent with the

results shown in Figure 5.9. In Figure 5.10, we plot the percentage values for SPE-ALL,

SPE-W10, and PPE-W10. Each error value shown is an average over1000runs. As

seen in Figure 5.10, PPE-W10 has lower values than both SPE-ALL and SPE-W10 in

almost all cases. The few cases where PPE-W10 has higher values is mostly attributed

to a substantial change in the mixture of mobility profiles, where the old and new set of

profiles had very different hub associations. To quantify the improvement in location

prediction achieved by our profile based method over that by the statistical methods, we

define

Prediction Improvement Ratio(PIR) =
SPE−PPE

SPE

where PIR-ALL indicates improvement of PPE-W10 over SPE-ALL, and PIR-W10

indicates the improvement of PPE-W10 over SPE-W10 and present its distribution pa-

rameters in Table 5.4. As seen, the mean values (considering the standard errors) are all

positive, indicating a much better overall performance of our profile based hub-level lo-

cation predictions as compared to the statistical approach with similar (when compared

to SPE-W10) or much better (when compared to SPE-ALL) cost of location updates.

This is one of the most critical contributions of our concept of profiling mobility based

on sociological orbits.

Table 5.4: The Distribution of PIR (%)

Group
Mean± Standard Error
PIR-ALL PIR-W10

G1 20.6±2.3 24.3±3.2
G2 18.9±2.0 21.4±2.1
G3 12.9±2.0 14.5±1.9
G4 27.2±3.0 27.9±3.8
G5 21.5±1.4 24.6±1.6
G6 21.2±1.5 22.6±1.6
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5.5.3 Conditional Prediction

In this section, we show how the current mobility profile information may improve

the performance of certain hub-level predictions. The authors in [32, 35] have shown

that a common statistical approach (similar to the one described in Section 5.5.2) is

capable of keeping track of a user’s visits to different locations (via the system logs on

APs). Consequently, it is possible to provide a probabilistic view of finding the user

in any location at any time based on the past history of that user’s hub visits.Let us

assume that this mobility behavior for all our sample users repeats itself the next year,

such that their future visits in the next activation period may be validated by the data

present.Taking the user from groupG2 as an example, we find that he/she visited hub

43 on 11 days in a49 day activation period within the year the data was collected,

as seen in Figure 5.6(b). If we were to consider that this mobility pattern over49

days is going to repeat itself the next year following our assumption above, then the

general probability of finding that user in hub43 during his next activity period would

be 11
49 = 0.22. From within our profile based framework, we not only are capable of

providing similar general information but, given the current mobility profile, also can

be much more specific. For instance, given the same example and assumption as above,

the general statistical probabilityP(h) of finding the user in hubh on any given day may

be calculated equivalently through our approach as

P(h) =
k

∑
j=1

πππ j ∗ρ j,h (5.6)

Using (5.6) and the data in Table 5.3, the general probability of finding the user from

groupG2 in say “target hub”Ht = 43on dayD = 16of his next period of activity would

be given as:(0.02) ∗ (0.00)+ (0.14) ∗ (1.0)+ (0.31) ∗ (0.07)+ (0.53) ∗ (0.11) = 0.22

(which is the same as that noted before). However, as soon as the user ventures into
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say “identifier hub”Hi = 4 on day16 (see Figure 5.6(b)), our method shall identify the

current profile (Pnow) to be2, as it is the only one with hub4 in it. With this additional

knowledge, our approach would then be able to re-compute the probability of finding

the user in hub43 on day16 to beρ2,43 = 1. From Figure 5.6(b), we see that under

our assumption of repeated period of activation, the user would indeed visit hub43 on

day 16 of his next activation period (i.e.y(16)
43 = 1), which makes our profile based

prediction more precise. Several similar cases for each user type are listed in Table 5.5,

where we find that the conditional probabilityρ j,Ht (obtained based on mobility profiles)

is closer to the actual eventy(D)
Ht

than the general probabilityP(Ht) (obtained from the

common statistical approach). In particular, as seen in the cases for the users from

groupsG2,G3,G4 andG6 our predictions would be completely accurate, whereas those

from the statistical method are far from correct.

Table 5.5: Conditional Prediction Comparison
Group Ht D P(Ht) Hi Pnow ρ j,Ht y(D)

Ht

G1 11 13 0.08 8 2 0.27 1
G2 43 16 0.22 4 2 1 1
G3 7 7 0.3 14 4 0 0
G4 1 15 0.97 5 1 0 0
G5 7 53 0.11 2 2 0.54 1
G6 3 63 0.1 9 1 1 1

Essentially, the mobility profiles help us group the hubs in separate (but, potentially

overlapping) sets of hubs on the basis of visits occurring to them within the same period

of time (i.e., following some mobility pattern), unlike in the statistical method where

all the hubs are treated independently and identically. Note that in practice it may not

always be possible to uniquely identify the current mobility profile based on the hubs

visited so far (i.e.,identifier hubs), as one hub could belong to2 (out of say4) profiles.

However, as shown earlier in Section 5.5.2, as long as theidentifier hubis able to suggest

a proper subset (or, a mixture) of the user’s mobility profiles for a given period, we are
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able to predict hub visits more precisely than a common statistical method and at a

lower overhead.

5.5.4 Hub Transitional Probability based Predictions

So far we have only considered the binary hub visitation probabilities each day in our

mobility profiles. For a more in depth study, we compute and use the probabilities for

transition from one hub to another (i.e. outgoing transitional probability) for each of our

sample users in predicting the sequence of hub visitations each day. We chose3 levels

of information for performance comparisons as described below.

Statistic based transitional probability: In this method, we assume no knowledge

about mobility profiles. For each user a simple statistic of outgoing transitions is main-

tained for each hub in that chosen user’s union of hub lists, and later used in calculating

the transitional probabilities from each hub of that user. The entire activation period for

each user is considered.

Profile based transitional probability: In this method, mobility profiles are con-

sidered and the daily profile distribution is assumed to be known. Within each profile of

a user, a separate statistic is maintained for each hub ever visited by the user following

that profile. This information is used to compute the outgoing transitional probabilities

specific to each profile for a user for the entire activation period.

Profile based temporal transitional probability: This method is similar to thePro-

file based transitional probabilityexcept for that we not only assume knowledge about

profile distributions, but also assume that the time information associated with transi-

tions is available. Accordingly, we divide the entire day in zones of3 hours2 (e.g.

12:00 am –2:59 am,3:00 am –5:59 am, and so on) to get8 distinct time zones. Fol-

lowing this, for each profile of each user, we compute outgoing transitional probabilities

2This choice for time zone width was chosen empirically for our specific data set.
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specific to each time zone for that profile of that user. Once more the entire activation

period for each user is considered.

For example, consider the transitions in between3 hubsA, B, andC. Lets say we are

only interested in the transition probabilities from hubA to hubsB andC. Let us also

consider that there are2 profiles,P1 andP2, and also within each profile, we consider

2 time zonesT1 andT2. Lets say Table 5.6 lists the example transition frequencies in

all the possible cases.

Table 5.6: Example Hub Transition Frequencies
Hub A to Hub B Hub A to Hub C

Profile Zone Count Profile Zone Count

P1 T1 25 P1 T1 150
P1 T2 5 P1 T2 75
P2 T1 150 P2 T1 5
P2 T2 75 P2 T2 25

Under these assumptions, lets say we are given that the user is in hubA on a given

day, and is following profileP1 and is about to move out in time zoneT2. Now we wish

to predict the probability of finding the user going to either hubB or hubC following

the different schemes. As expected, the statistical method is the most general as it does

not have any concept of either profiles or time zones. It just computes the total number

of transitions to both hubsB andC and computes the transitional probabilities, which

come out to be equal in this case. The profile based method is more specific, as it

only considers the transitions made under the specific profileP1 and fairs better than

the statistical method. The temporal scheme having the most knowledge only looks at

transitions made under profileP1 in time zoneT2 and is expected to predict with the

most accuracy. We list the transitional probabilities that will be computed by all the

above3 schemes for this specific example in Table 5.7.

In order to compare the performances of these methods, for each day of activation

of each user we use each of these methods to predict the entire sequence of hubs to be
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Table 5.7: Next Hub Prediction Example
Next Hub Statistical Profile Temporal

B 50% 11.76% 6.25%
C 50% 88.23% 93.75%

visited by the user on that day. At first we assume that only the starting hub and its

corresponding time zone is known each day. More specifically for theProfile based

temporal transitional probabilitymethod, whenever we predict anext hub, we follow it

with the selection of a Hub Stay Time duration from the power law distribution as shown

in Figure 5.3(b) to compute the time zone for the next prediction. We then compare the

predictions with the actual hub visitation sequence and compute the prediction accuracy

as

Prediction Accuracy= 1− incorrect predictions
total predictions

to get Statistic based Prediction Accuracy (SPA), Profile based Prediction Accuracy

(PPA), and Time based Prediction Accuracy (TPA). Each particular prediction result

shown is an average over1000 predictions. It is worth noting that the known hub

does not need to be the starting hub of a day. This result can be generalized for any

situation where the current hub (any time of day) is available and the hub visitation

sequence for the rest of the day needs to be predicted.

Additionally, we also compare the performances when we correct the predictions

made at each hub in the sequence for each day to essentially limit the possibilities of

a cascading error effect. As seen from the results in Table 5.8, prediction accuracy

following the temporal transitional probability (TPA) performs the best having assumed

the most level of mobility knowledge, followed closely by PPA, while SPA fairs the

worst having no knowledge about mobility profiles.
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Table 5.8: Prediction Accuracy for Hub Visitation Sequence

.

Group
Only starting hub known Current hub always known
SPA PPA TPA SPA PPA TPA

G1 21.89% 45.93% 59.05% 25.59% 64.13% 74.48%
G2 21.70% 35.62% 49.26% 24.90% 52.79% 65.89%
G3 13.18% 25.83% 39.70% 24.50% 63.00% 71.05%
G4 31.32% 53.82% 68.56% 31.62% 61.07% 73.97%
G5 18.40% 58.84% 73.18% 19.95% 64.65% 75.88%
G6 24.25% 46.11% 57.67% 28.33% 49.70% 61.97%

5.5.5 Prediction Accuracy vs. Transition Sequence

Given that only the starting hub (and the corresponding time zone) information is avail-

able, we wished to study the dependency of the prediction accuracy on the predictions

farther away from the known hub, which on a intuitive note is expected to monoton-

ically decrease. Interestingly however, we observed that due to the manner in which

our transitional probabilities are obtained, the accuracy need not decrease steadily as

shown in Figure 5.11(a) with the sample user from GroupG1 as an example. In order

to explain this, let us consider Figure 5.11(b) as an example where a user travels along

the path: Hub A⇒ Hub E⇒ Hub F⇒ Hub G. The outgoing transitional probabilities

are shown along the edges. The starting Hub A is known. Let us assume that we make

an incorrect prediction at start and predict the next hub to be Hub B instead of Hub E.

In the next iteration, assuming Hub B to be the current hub let us say we once again

incorrectly predict the next hub to be Hub C following the90% transitional probability

from Hub B to Hub C. Now although we made2 successive incorrect predictions, as-

suming Hub C to be current, we have much higher probability (80%) of predicting the

next hub to be Hub G than Hub D. In reality, the current hub at this point is Hub F and

from there on too, there is a much higher probability (90%) of going to Hub G than any

other, which say causes the next prediction to be accurate. Thus, no matter how many
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incorrect predictions we make in a sequence of hub visitations, we have the possibility

to get back on track at any point, as our outgoing transitional probabilities from one hub

is independent of those from another. Thus there is no fixed trend for a cascading error

effect once an incorrect prediction is made somewhere in the hub visitation sequence.
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Figure 5.11: Example to show the independence of prediction accuracy with transitions

5.6 Other Applications of Mobility Profiles

In this section, we note that our sociological orbit aware mobility profiles can also be

useful in other network aspects such as improving realistic mobility modeling, QoS

routing, and resource allocation. The main focus of our ongoing work is to understand,
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define and develop potential applications that can benefit from the sociological orbital

movement patterns. Example applications may be those that need to “push” a large

amount of data (such as critical software updates, on-line movie rental, etc.) directly

to a mobile user’s laptop and/or PDA. In such cases, if the server is located far from

the user and/or is busy when the user is connected, downloading may incur substantial

delay. Knowing the orbital pattern, however, enables the server to send partial content

while the user is connected (e.g., at work), and then predictively send the rest to a proxy

server close to where the user will likely be (e.g., home). When the user goes online,

the rest of the content can be downloaded quickly from the nearby proxy server seam-

lessly. Similarly, applications requiring a small amount of data (e.g., event alerts) to

be sent or real-time audio/video or images from surveillance cameras to be streamed to

concerned individuals (e.g., security personnel) will also benefit. Specifically, know-

ing the orbital pattern will enable an application to use simulcast to reduce the delivery

time without flooding the message, that would otherwise cause severe congestion in the

network and possibly even compromise security. Conceptually, this generalizes the sim-

ple techniques used to download files and stream multimedia to vehicles on a highway

equipped with roadside base stations that are spaced a few miles apart from each other,

whose mobility patterns may easily be modeled following the work in [36] for example.

Specifically for security monitoring, mobility profiles can be of great value. For

example, in places like military campuses, or highly classifies research facilities, where

there are a lot of authorized personnel with different levels of security clearances, it may

be overwhelming to manually monitor the movement of each and every individual at all

times. Alternatively, if everyone is wearing an access badge with an in-built sensor, it

is possible to obtain and store their routine mobility profile, and automatically trigger

alarms based on variations from that profile. Authors in [57] had profiled mobility

sequences based on location coordinates for reducing false alarms in anomaly-based
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intrusion detection.

The advantage of using the knowledge of sociological orbits can also be extended

to applications for health-care and environmental monitoring using mobile ad hoc net-

working techniques. An example application is to monitor air (or water) quality in a

place without a networking infrastructure, and its impact on the health of the people

who live or work there. A similar application is to detect and control the spread of a

flu virus [132]. In these applications, people can wear tiny sensors with limited trans-

mission range. During any given day, only a few people (called “carriers”) may travel

to a site as a part of their social routine, where an access point is present, for uploading

the sensor data and downloading control messages. A majority of others will have to

send data to a person sharing the same “hub” as a part of its orbital pattern, and that

person in turn will forward the data to another person until one of these “carriers” is

reached. After the collected data is processed at a remote center, it is possible that cer-

tain symptoms are detected but definitive diagnosis is still not possible. In such cases,

additionally, more intensive data collection may be needed only at selected locations

and/or by selected persons. Knowing the orbital patterns of the persons will certainly

help target the right subset of people and thereby reducing unnecessarily flooding of the

request for data collection, and also cutting down the energy/bandwidth in collecting

uninterested data.

Sociological orbits also has numerous applications for the study of extreme events

either natural or man-made disasters. Knowledge of individuals’ patterns of mobil-

ity will prove useful in efficiently and effectively communicating accurate information

about the event to those people who are most directly affected. For example, if there was

a chemical spill on a highway, alternative routes may be suggested to those with a tra-

jectory leading them towards the spill. This information can be communicated directly

to their personal computers, PDAs, or intelligently enabled vehicles. This will allow
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those individuals to pro-actively alter their routes so as to avoid the event. Likewise,

this information need not be directly communicated to those unaffected, thus avoiding

panic or attracting unrelated individuals to observe the event.

5.7 Summary

In this chapter, we have analyzed the year-long mobility trace data of 13,620 WLAN

users collected on the campus of ETH Zurich with 391 Access Points (APs) where most

users do not stay present in the network consistently over a regular period of consecutive

calendar days. We not only validated the so-called sociological orbits exhibited by mo-

bile wireless users, but also profiled the user movements to help in location prediction

even in the presence of the sporadic mobility data. Unlike previous work on analyzing

similar mobility trace data which focus on AP-centric parameters, our focus was on

hub-centric parameters (where a hub is a place of social interest and thus can be served

by several APs) such as hub staying time, and in particular, user centric-parameters such

as the number of hubs visited by a user in a day (or hub list size) and mobility profiles

(i.e., a probabilistic list of hub visitations) of a user.

We have noted that it should not be surprising that sociological orbits do exist in

users’ mobility patterns. Nevertheless, one of the contributions of this work is that for

the first time, it has been found from analyzing the traces that a user does exhibit so-

ciological orbits at multiple levels on different time scales: a hub-level orbit consisting

of a number of hubs during a day, and a mobility profile-level orbit consisting of a few

profiles during a week or longer period. In addition, the results of our analysis will

enable researchers to model users’ mobility in more realistic way using the appropriate

values and distributions of user-centric parameters we have identified via analysis.

Another, perhaps a more important contribution is that, although intuitively, it is

beneficial to exploit the knowledge of the sociological orbits in users’ movement, this
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work is the first that proposed an efficient method to determine the main mobility pro-

files of a user using a mixture of Bernoulli’s as the clustering algorithm, and then make

either unconditional or conditional predictions on which hubs a user might visit. More

specifically, our results use only a short history (e.g., the past7 days) of mobility trace

data, but has been shown to predict around10%to 30%more accurately than a general

statistical approach that relies on daily collection and computation of the trace data.

This illustrated the strength of our sociological orbit aware approach, and in particular,

the usefulness of the mobility profiles of a user.

Note that although this work is based only on the mobility trace data from ETH

Zurich, it is expected that the data analysis, mobility profiling and location prediction

techniques we have developed, as well as the conclusions we have drawn in this work

that validate the existence and usefulness of the sociological orbits are in general ap-

plicable to other university and corporate campuses, as well as other public/private envi-

ronments (there certainly isn’t a sufficient amount of mobility trace data available except

from a couple of places). In addition, we expect that this work will inspire additional

innovative work on social influence aware and user-centric designs and operations of

not only wireless access networks, but also mobile ad hoc and peer-to-peer networks,

as well as intermittently connected or, delay tolerant networks.
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Chapter 6

SOLAR for Mobile Ad Hoc Networks

(MANET)

In this chapter, we introduce a novel concept of “macro-mobility” information obtained

from the sociological movement pattern of MANET users, and propose a routing pro-

tocol that can take advantage of the macro-mobility information. This macro-mobility

information is extracted from our observation that the movement of a mobile user ex-

hibits a partially repetitive “orbital” patten involving a set of “hubs”. This partially

deterministic movement pattern is not only practical, but also useful for locating nodes

without the need for constant tracking and for routing packets to them without flooding.

More specifically, this chapter makes the following two contributions. First, it pro-

poses an ORBIT mobility framework to achieve this macro-level abstraction of orbital

movement. Second, to take advantage of this hub-based orbital pattern, it proposes a

Sociological Orbit aware Location Approximation and Routing (SOLAR) protocol. Ex-

tensive performance analysis shows that SOLAR significantly outperforms conventional

routing protocols like Dynamic Source Routing (DSR) and Location Aided Routing

(LAR) in terms of higher data throughput, lower control overhead, and lower end-to-

end delay.
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The rest of this chapter is outlined as follows. In Section 6.1 we describe our SO-

LAR protocol in detail and analyze the impact of different mobility models generated

by our SOLAR framework on the protocol performance in Section 6.2. In Section 6.3,

we compare the different forwarding schemes of SOLAR with ABSoLoM [46]. In Sec-

tion 6.4, we present further results for the performance comparison of SOLAR with

LAR and DSR and we conclude this chapter in Section 6.5.

6.1 Sociological Orbit aware Location Approximation

and Routing (SOLAR)

In this section, we describe our Sociological Orbit aware Location Approximation and

Routing (SOLAR) protocol, which to the best of our knowledge, is among the first to

make use of macro-level sociological mobility profiles of MANET users in obtaining

approximate location information of mobile users as well as in improving routing. In

the following discussion, nodes in SOLAR are assumed to be equipped with either

GPS, or other localization devices1 to facilitate greedy geographic forwarding as to be

explained in detail in the following sections.

6.1.1 Protocol Overview

Several motivations forpeer collaboration(among acquaintances) were discussed by

the authors in [10]. In one of our earlier work [46], we proposed an Acquaintance

Based Soft Location Management (ABSoLoM) scheme, and also showed the advan-

tages of using acquaintances to form a distributed location database. Although one of

the basic concepts in SOLAR is also the use of acquaintances, it differs from ABSoLoM

1Note that this assumption is common to most location aided MANET routing protocols suggested in
literature
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in at least two significant ways. First, nodes in ABSoLoM use a formal acquaintance-

ship request and response among a few selected nodes that ensure the acquaintanceship

to be mutual. Second, acquaintances not only cached each other’s exact location coor-

dinates, but also kept each other informed of their current coordinates through frequent

location updates. In SOLAR however, acquaintanceship need not be mutual. As soon

as one node gets to know of another node’s hub list, it will treat that other node as an

acquaintance and will cache its hub list information. This knowledge may be gained

either by exchanging hub list information with that node directly when they are within

radio range of each other, or through a trusted third party (e.g., common acquaintance).

Since the orbital mobility profile or, the hub list information stays valid for a much

longer time when compared to the exact location coordinates, SOLAR can significantly

reduce overhead in terms oflocation updatesin the face of node mobility. More specif-

ically, in SOLAR, each node only needs to know the terrain in terms of the hubs (i.e.,

their coordinates) in addition to its own location. Each node periodically sends its own

coordinates and hub list in aHello message to its immediate neighbors within radio

range to facilitate both neighbor discovery (required for Inter-Hub geographic routing

of packets) and hub list sharing (for forming new acquaintances). Only the acquain-

tances with an active data connection in between them need to notify each other by

“location updates” when there is a change in any of their hub lists (as a result of an

occasional Orbit Timeout). A more detailed description of SOLAR is as follows.

6.1.2 Profile Query and Response

In SOLAR, when a source hasdatato send and the destination is a neighbor within radio

range, thedata is directly transmitted. However, if the destination is not a neighbor,

but is an acquaintance whose hub list is cached by the source, thedata packet is sent

towards the (center point of) hub(s) in that hub list (see Section 6.1.3 for more details).
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This packet transmission is based on “greedy geographic forwarding” [89], where each

intermediate node chooses its next hop from amongst its neighbors who is closest to the

destination than itself (see Section 6.1.4 for more details).

If no information about the destination’s hub list is available, the source first selects

a subset of its acquaintances in a way to be described in Section 6.1.5. For each chosen

acquaintance, a separatequeryis sent to the hubs in that acquaintance’s hub list. Such

a transmission from a node to its acquaintance will be referred to as alogical hophere

after, which often consists of multiple physical hops. An acquaintance responds to this

query packet if it knows of a valid hub list of the destination. As an optimization,

intermediate nodes (that are not acquaintances of the source) are also allowed to snoop

into querypackets and respond to them if possible.

If the acquaintance does not know the destination’s hub list, it may forward the

queryto a subset of its own acquaintances, chosen appropriately as before. However, if

the number of logical hops exceeds a specified threshold, thequerypacket is dropped by

the acquaintance. If all thequerypackets are similarly dropped, the source will time out

and may either drop thedatapacket, or retry sending newquerypackets to a different

subset of its acquaintances, or resort to simple flooding ofquerypackets.

If the query reaches the destination itself, it not only responds (with aresponse

packet) with its own hub list, but also indicates its current hub. The current hub infor-

mation is cached by the source and used for subsequent delivery of data in the same

session. The cache timeout value for this current hub information will be based on the

average Hub Stay Time of a node. Similarly, the hub list information itself will be

cached at the source for a time proportional to the average Orbit Timeout.
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6.1.3 Hub-level Transmissions

Once the source of any packet (query, response, or data, as well asupdateas to be de-

scribed later) knows the hub list information for that packet’s destination, it first checks

to see if the current hub information for that destination is available. If the information

is available, a single packet is geographically forwarded to (the center of) that current

hub. However, if that information is unavailable, we suggest three different approaches:

Scheme 1: SequentialThe source tries to forward the packet towards a Hub in the

list which is geographically nearest to its own Hub. From then on, each intermediate

node performs greedy geographic forwarding to push the packet to the neighboring node

that is closest to the intended Hub’s center coordinates than itself. When a local maxima

occurs, the packet is redirected towards the next unvisited Hub in the destination’s Hub

list. If the node responsible for this redirection was within the previously intended Hub,

that Hub is marked inside the packet header as visited by the packet. This process is

now repeated to forward the packet towards the center of the new Hub. In this way, a

packet traverses from one Hub to another in the list, until either the destination is found,

or all the Hubs in the list are visited.

Scheme 2: SimulcastThe source geographically forwards a copy of the packet to-

wards each Hub in the list. This way, although the overhead may be more, the latency

is reduced. However, if a Hub is unreachable, then no further efforts are made to send a

copy of the packet to it, unlike in the Sequential Scheme.

Scheme 3: MulticastThis scheme is suggested to explore the middle ground of the

above two schemes. The source forms a minimum spanning tree (MST) based on the

Euclidean distances between the centers of the Hubs in the list, with its own Hub being

the root. Then it multicasts copies of the packet to every branch from the root. The

packet contains this MST in the header and following nodes keep multicasting down

the tree.
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For all the above schemes, location is updated only within nodes that have an active

“data session” between themselves, as mentioned earlier. More specifically, fordata

packets, when the firstdata packet is sent, a data session is considered active, which

expires when no data is generated/sent within a specified interval. Throughout that

active data session, the source keeps inserting its current hub and hub list information

into eachdata packet to keep its location information updated at the destination. The

destination of that active data session reciprocates with its current hub and hub list

information in anupdatepacket (which can double as an ACK) on getting the firstdata

packet. From then on, whenever the destination moves out of its current hub, or starts

to orbit a different hub list (on an Orbit Timeout), it notifies the source of the change

by sending aupdatepacket towards the current hub of the source. Since suchupdate

packets are restricted between the two ends of an active session only, they are sent out

infrequently and incur little overhead.

Note that sending to the current hub is just an optimization attempt. If the destination

is not in that current hub when thedataarrives, thedatacan be cached by nodes in that

hub for a limited amount of time. This will allow the destination to retrieve it later, if

it visits that hub as part of its orbital movement. Just before the cached data is to be

purged, the node that is closest to the center of the hub may simulcast copies of that

data to the other hubs in the list of the destination. Of course, the source may also time

out and decide to take an appropriate action (as discussed above).

6.1.4 Packet Delivery via Geographic Forwarding

When the source of any packet wishes to send that packet to a hub (possibly contain-

ing the destination of that packet), it uses greedy geographic forwarding as mentioned

before. As each intermediate node performs greedy geographic forwarding to push the

packet closer to the intended hub’s center coordinates, if there is no neighbor closer
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to the Hub than the node itself( also called a local maxima or “geographic hole”), this

node broadcasts the packet to all its neighbors. A neighbor in turn checks if any of its

neighbors is closer to the hub than the intermediate node which started this broadcast.

If it finds any such neighbor, it forwards the packet to it. Otherwise, it may either drop

the data packet, or employ techniques to route around geographic holes as suggested

in [75].

If the Hub Sizeis fairly large compared to theRadio Transmission Rangeof the

nodes, once any packet reaches (i.e. enters) a hub before reaching the destination, an

Intra-Hub flooding(of the packet by the nodes within the hub) is performed (as the

exact coordinates of the destination may not be available). This is also done if the

source itself lies in one of the hubs in the destination’s hub list, in which case the source

itself initiates the Intra-Hub flooding in an attempt to reach the destination. Such Intra-

Hub flooding is not required when the Hub Size is comparable (or smaller) to the Radio

Range since a packet can be overheard by all the nodes in the hub as it is geographically

forwarded to the center of the hub.

In addition, an Intra-Hub flooding (if required) will introduce marginal overhead

since a packet will only require to be flooded across a couple of radio hops to effectively

cover the entire hub. To support such limited flooding, all packets are uniquely identified

by a tuple(source, destination, sequence id), which enables nodes to identify and drop

duplicate packets.

6.1.5 Optimizing Profile Queries

A node may make a lot of acquaintances over its life time. Hence, to reduce the over-

head due to thequery/responsepackets, it needs to minimize the number of acquain-

tances it will query at any given time. On the other hand, since each acquaintanceAi

covers (i.e., visits) a list of hubsHi , this minimum subset of acquaintances need to be
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carefully chosen to maximize the coverage of hubs, thereby increasing the chances of

obtaining the destination’s information.

Let the hub list of an acquaintanceAi be denoted byHi = {h1,h2, ...,hm}, where each

hi is a particular hub. LetH be the set of hub lists{H1,H2, ...,Hn} covered by a node’s

acquaintancesA1,A2, ...,An. Let C be the set of hubs covered by all its acquaintances.

That is,C = H1
S

H2
S

...
S

Hn. Our problem is to find a minimum subset,H ′ ⊆H s.t.:

∀hi ∈C, ∃H j ∈ H ′, s.t. hi ∈ H j

This is a minimum Set Cover problem, which is known to be NP-Complete [43]. To

find an heuristic solution, we have adopted the Quine-McCluskey technique [97, 108]

used widely in Boolean Algebra for minimization of boolean expressions. To describe

this method, we first define a few terms as follows.

Prime Acquaintance: An acquaintanceAi with hub listHi is aPrimeacquaintance if

there is no other single acquaintanceA j whose hub listH j includesHi (i.e.,@A j ,s.t.H j k

Hi). Formally,Ai (with Hi) is aPrimeacquaintanceiff :

@A j(withHj), s.t. ∀hk ∈ Hi , hk ∈ Hi ⇒ hk ∈ H j

Let us consider an example (6.1) where,H1 = {1,2}, H2 = {2,3,4}, H3 = {1,4}, and

H4 = {3,4}, be the hub lists of acquaintancesA1,A2,A3, andA4. Since none ofA2, A3 or

A4 alone covers all the hubs ofA1, A1 is aPrimeacquaintance. Following the same prin-

ciple, bothA2 andA3 are alsoPrimeacquaintances, whereasA4 is not (sinceH2 k H4).

Essential Prime Acquaintance: This is aPrime acquaintance that covers at least

one hub that is not covered by any otherPrime acquaintance. LetP = {Hp1,Hp2, ...}
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be the set of all the hub lists ofPrime acquaintances{Ap1,Ap2, ...}. Then, aPrime

acquaintanceApi with hub listHpi would be anEssential Primeacquaintanceiff :

∃hk ∈ Hpi , s.t. ∀Hp j ∈ P ( j 6= i), hk /∈ Hp j

Continuing with the previous example 6.1, even thoughA1 is aPrimeacquaintance,

it does not cover any hub that is not already covered by eitherA2 or A3. SoA1 is not

anEssential Primeacquaintance. Following the same principle,A3 is not anEssential

Primeacquaintance either. However,A2 covers hub 3 that is not covered by any other

Prime acquaintance (i.e.,A1 andA3). Although,A4 covered hub 3,A4 is not a Prime

acquaintance, and hence ignored. Thus,A2 is the onlyEssential Primeacquaintance in

our example.

To query the optimal subset of acquaintances, a node first examines the hub lists of

its acquaintances and determines itsPrimeandEssential Primeacquaintances. All the

Essential Primeacquaintances are then chosen, and all the hubs inC that they cover

are marked. If any hub inC is left unmarked, a non-essentialPrimeacquaintance cov-

ering the maximum number of unmarked hubs is chosen next, and the corresponding

hubs are marked. This procedure is repeated by adding one more non-essentialPrime

acquaintance at a time, until all the hubs inC get marked.

Once the optimal subset of acquaintances is determined, each acquaintance in

that subset is queried as explained in detail in Section 6.1.2.Referring to the previous

example 6.1, firstA2 (being anEssential Primeacquaintance) will be chosen , following

which any one of the otherPrimeacquaintances (A1 or A3) will be chosen to cover hub 1

(which is not covered byA2). Moreover, to minimize the number of responses generated

for a particular query, the source may “anycast” (send to any one of a list of destinations)

query packets to hubs that are common to the list of multiple acquaintances. Thus, in

our example if eventuallyA1 andA2 get selected, separate query packets will be sent to
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hub 1 forA1 and to hubs 3 and 4 forA2, but a single anycast packet destined for any

of A1 or A2 will be sent to their common hub 2. In addition to reducing responses, this

will also minimize the number of query packets generated, leading to a lower control

overhead.

6.1.6 An Example Scenario

Continuing our previous example involving mobile users attending a large technical

symposium, let us assume that three graduate students are at the same conference. The

mobile wireless devices carried by them along with those carried by other convention

attendees form the MANET shown in Figure 6.1, where the Random Orbit model may

be assumed for the sake of our discussion here. The different rooms shown in the figure

are assumed to hold different conference tracks, a poster session, and an exhibition area

that are held concurrently. In addition, there is a registration area, a lounge and a cafete-

ria. Suppose Student 1 frequents the rooms hosting theConference Track 1, Conference

Track 3, andPosters(which constitute Student 1’s Orbit), while Student 2 frequents the

Loungeand the room forConference Track 4(which constitute Student 2’s Orbit), and

Student 3 frequents the rooms forExhibitsandConference Track 4(which constitutes

Student 3’s Orbit). When Student 1 is in thePosterssection and Student 2 is in the

Lounge, (note that these 2 Hubs/Rooms overlap), they came within each other’s radio

range and shared their own hub lists. Later, say Students 2 and 3 meet atConference

Track 4and also share their own hub lists. Later, if Student 3 wishes to locate Student

1 (whom he/she has not met yet), he/she can query his/her acquaintance (Student 2) for

information related to Student 1’s possible locations (as shown in Figure 6.1(a)). Once

Student 3 learns of Student 1’s hub list, he/she can then simulcast messages geographi-

cally towards the hub list of Student 1 (as seen in Figure 6.1(b)).
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Figure 6.1: Use of Sociological Mobility Profiles of MANET Users for Location Ap-
proximation and Routing

6.2 Mobility Impact on Protocol Performance

To study the effect of mobility on the performance of SOLAR, DSR and LAR1 (LAR

in Scheme 1) we simulated each of the protocols with respect to all the mobility models

suggested as examples in Chapter 4, Section 4.3, and compared thedata throughput. For

simplicity, we just simulated the SOLAR Scheme 1 (Sequential) for comparing it with

LAR1 and DSR. For both DSR and LAR1, we borrowed the implementation available

in GloMoSim [137]. In our simulation of SOLAR, we fix the threshold forlogical hops

of querypackets to 1. In this way, if the acquaintance of a source fails to provide the

required information, it does not forward thequeryto its own acquaintances.

As seen in Figure 6.2(a), SOLAR performs best for Random Orbit and Uniform Or-

bit models as expected since the protocol was formed keeping the most general model

in mind. The results for Restricted Orbit and Overlay Orbit are lower due to the restric-

tion in movement imposed upon the mobile nodes that does not favor our acquaintance

formation. In our modified Random Waypoint, all nodes have a single Hub as part of
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Figure 6.2: Impact of mobility on protocol performance

their LAO. So all the packets make their way to the center of the terrain irrespective of

the destinations location, resulting in the worst performance.

DSR on the other hand is seen in Figure 6.2(b) to perform the best with respect

to the modified Random Waypoint where its flooding nature complements the fact that

the nodes are evenly spread out all over the terrain. With respect to the other models it

performs well with respect to the Random Orbit and Uniform Orbit for small number of

Hubs when each Hub contains a fair share of the nodes, and does better for Restricted

Orbit and Overlay Orbit when the number of Hubs increases, creating small Hubs with

few nodes, thereby ensuring even node distribution. LAR1 (LAR in Scheme 1) as seen

in Figure 6.2(c) is not much affected by the difference in mobility and performs con-

sistently across all our example models.

6.3 Performance of SOLAR Forwarding Schemes and

ABSoLoM

In this section, we proceeded to implement the other two forwarding schemes of SO-

LAR and compare them against each other and ABSoLom. In this section, we refer to

the different SOLAR schemes simply as Orbit Based Routing (OBR) schemes. Follow-

ing are the results observed.
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6.3.1 Variation in Hub Size

The importance of this metric has already been mentioned before. In the following

simulations, the Hubs were considered to be square regions with the common size of

the sides being varied. The number of Hubs are fixed to10and Hub Stay (min, max) is

set to10s and25s.
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Figure 6.3: Protocol Performance vs. Hub Size

Data Throughput The data throughput is measured in terms of the fraction of the

total number of data packets generated that were received successfully. In OBR, a

source learns of a destination by first making acquaintances with nodes that are within

its radio range, and then using the distributed location database formed by the network

of these acquaintances. Thus the Hub Size does not seem to affect the throughput signif-

icantly. More specifically however, OBR Simulcast fairs the best since it aggressively

sends out multiple copies towards all the Hubs in the list, thereby increasing the chances

of the destination node receiving the packet. In OBR Multicast, due to the formation

of a minimum spanning tree, when a packet encounters a geographic hole on the way

to a Hub in the tree, more often than not it becomes difficult to redirect it to any other

Hubs that are the children of this unreachable Hub in the tree, since they are usually

farther away with respect to the Euclidean distance of their center coordinates. More-

over, no further attempt is made to forward the packet to the unreachable Hub. Thus,
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in this scheme a single local maxima can prevent a lot of Hubs in the list from getting

the packet, thereby displaying the worst data throughput amongst all the OBR varia-

tions. In OBR Sequential, if a packet cannot be forwarded to a Hub, that Hub remains

marked as unvisited in the packet header. Thus, at later times, this Hub is re-considered

when the packet is traversing the other unvisited Hubs in the list, thereby displaying

data throughput in between the other two OBR schemes. ABSoLoM on the other hand,

does not make use of the underlying mobility. The basis of making acquaintances is via

neighbors that move out of the neighborhood within a specified time. Unfortunately,

according to the Random Orbit model, even though nodes keep moving from one Hub

to another, nodes that have common Hubs in their list may move together, thereby hav-

ing a lot of acquaintanceship formation and breakage. This affects the data throughput

negatively overall, leading to lowest values for this metric. Moreover, with larger Hubs,

overlap increases, causing nodes that move out to other Hubs to still be in the same

neighborhood, which as discussed above affects the performance of ABSoLoM, that

degrades with increasing Hub Size as shown in Figure 6.3(a).

Control Overhead The control overhead in OBR is measured in terms of the num-

ber ofhello, query, responseandupdatepackets that are sent. In ABSoLoM, this over-

head also includes theacquaintanceship requestandacquaintanceship acceptpackets.

ABSoLoM has a periodic overhead of forming and maintaining acquaintances. Thus

the overall control overhead is significantly higher than OBR. More specifically, with

increasing Hub size, Hub overlaps increase and thus nodes may stay close to each other

even when they are in different Hubs. This results in an increased amount of acquain-

tanceship breakage, leading to increased rate of acquaintanceship formation. Thus, the

control overhead is seen to increase with increasing Hub Size in Figure 6.3(b). In OBR,

nodes periodically check for new neighbors to form new acquaintances. But, once an

acquaintance is made, its information usually stays valid for a long time (due to a rel-
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atively large MAO value), leading to a much lower control overhead than ABSoLoM

signifying higher energy efficiency. However, with increasing Hub size, the number of

new neighbors increase, resulting in increasing overhead. Among the different schemes

of OBR, the Simulcast displays highest overhead as expected due to its aggressive si-

multaneous uni-casting of packets to all the Hubs in the list. Sequential performs at

worst similar to the Simulcast when the packet reaches the destination node in the last

Hub that it visits in the list. However, on an average its marginally lower than Simul-

cast. Multicast displays the lowest overhead due to the fact that a single local maxima

leads to a number of Hubs not receiving the packet at all.

End-to-end Data DelayThe end-to-end delay is defined to be the time interval be-

tween the generation of a data packet at the source, and the reception of that data packet

at the destination (including query and response delays, if they were required). As seen

in Figure 6.3(c), OBR shows marginally longer delay (in the order of a millisecond)

than ABSoLoM. More specifically, with increasing Hub size, when a packet enters a

Hub it may have to take more hops towards the Hub center, resulting in the overall de-

lay in all the schemes of OBR increasing. In ABSoLoM, due to nodes keeping track of

exact location coordinates of its acquaintances, and querying for the same with regards

to the destination node instead of Hub list, the Hub Size does not affect the data delay.

Among the different schemes of OBR, since in Multicast a number of Hubs may end up

not receiving the packet, the destination may physically need to move into a Hub that

has either cached the data packet, or overlaps with another Hub that has done the same.

Thus OBR Multicast displays highest end-to-end delay. OBR sequential comes next

since the packet has to move through the Hubs sequentially to reach the one contain-

ing the destination node. OBR Simulcast has the lowest delay due to the simultaneous

uni-casting of multiple copies of the packet to all the Hubs.
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6.3.2 Variation in Hub Stay

The importance of this metric too has been discussed before. The number of Hubs are

fixed to10and Hub Size (min, max) is set to200m and300m.
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Figure 6.4: Protocol Performance vs. Hub Stay

Data Throughput Since nodes in OBR learn of a destination through the network

of acquaintances, as long as there exists any mobility that expands this network and

the distributed location database associated with it, OBR performs consistently well in

terms of data throughput as seen in Figure 6.4(a). Moreover, due to the connection

maintenance phase, data packets are directed first to the last known Hub of the desti-

nation. Thus increased Hub Stay Time led to increasing data throughput when packets

reach the destination at the first Hub they go to with a high probability. This lessens the

negative effect of packet losses due to local maxima as they travel to different Hubs. The

relative performance of the different schemes of OBR were as seen before. ABSoLoM

is already affected negatively by the underlying mobility as described before. Moreover,

with increasing Hub Stay Time, as the overall node velocity decreases, ABSoLoM finds

it even more difficult to know about other nodes through its acquaintances. Thus its data

throughput degrades with increasing Hub Stay Time.

Control OverheadThe relative difference in control overhead shown in Figure 6.4(b)

is similar to that seen in Figure 6.3(b) where OBR performs much better in general than
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ABSoLoM. In ABSoLoM, the higher control overhead is primarily due to the increased

number of acquaintanceship breakage due to nodes staying close to each other for a long

period of time. On the other hand, lower mobility reduces the number of new neighbors

a node in OBR interacts with leading to a marginal decrease in control overhead with

an increase in Hub Stay Time. Among the OBR variations, Simulcast has the highest

and Multicast has the lowest overhead for same reasons as described before.

End-to-end Data DelayAs seen before in Figure 6.3(c), the delay in OBR is mar-

ginally higher overall, as shown in Figure 6.4(c). More specifically, an increase in the

Hub Stay Time increases the probability of finding a destination in its last known current

Hub, where a data packet is sent first, causing the delay to decrease gradually with an

increase in the Hub Stay Time. Delay in ABSoLoM is not much affected by the change

in Hub Stay Time and is the lowest as seen. Among the OBR variations, Multicast has

highest and Simulcast has lowest delay for the same reasons as described before.

6.4 Performance Analysis

In this section, to show that existing routing protocols under comparable assumptions

(such as DSR and LAR) cannot be effectively used to deal with such practical orbital

mobility pattern, we run extensive simulations to compare the performance of the SO-

LAR protocol with that of DSR and LAR scheme 1 (LAR1) using GloMoSim [137].

Note that it is neither possible, nor our intention to compare our protocol with every

other existing MANET routing protocols. Rather, the purpose of this exercise is to

show that new routing protocols such as SOLAR is needed to take advantage of the

orbital mobility pattern for efficient routing within MANET.Accordingly, other rout-

ing protocols such as [75, 90] that require the use of a separate location service above

the routing layer are not considered here.

We implement two versions of the SOLAR simulcast protocol, SOLAR-1 and SOLAR-
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2. In SOLAR-1, a node sendsHello packets containing its own hub list to its 1-hop

neighbors (i.e., nodes within its radio range), and only caches the hub lists of those

neighbors. In SOLAR-2, eachHello packet also contains the hub lists of the 1-hop

neighbors in addition to the node’s own hub list. This allows nodes to cache the hub

lists of the nodes that are either one or two radio hops away. In both versions of SOLAR,

we use a threshold value of two for the number oflogical hopsanyquerypacket may

take before it is dropped. In this way, the query packets will only be sent to source’s ac-

quaintances, and their acquaintances. For comparison, we borrow the DSR and LAR1

implementations already available in the GloMoSim distribution.

For the simulation scenario, we consider a MANET built within a corporate campus

consisting of several buildings (hubs). Corporate employees spend most of their time

within the hubs and intermittently move in between hubs. To model realistic speeds

of mobile users within such a MANET, we considered the work in [78, 107, 134]. We

summarize the major simulation parameters in Table 7.1. We chose three metrics to

evaluate the performance of each protocol as described below:

Data Throughput: This metric is defined as the ratio of the total number of data

packets received by all intended destinations, to the total number of data packets gener-

ated by all sources.

Relative Control Overhead: This metric is defined as the amount of control informa-

tion (measured in bytes) that each node sends for each successfully received data packet

in the network. For both LAR and DSR, we consider theRoute Request, Route Reply,

and Route Errorpackets as the control packets. In SOLAR, the control packets are

Hello, Hub List Query, Hub List Response,andLocation Updatepackets. Although, in

SOLAR, the control packets have larger size (in bytes) due to the mobility information

contained in them, we show via simulations that both the overhead and delay are lower

than those in DSR and LAR.
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Table 6.1: Simulation Parameters for MANET
GENERAL PARAMETERS
Simulation Duration (each run) 1000s
Terrain Size 1000m x 1000m
Number of Nodes (Users) Vary, (Default= 100)
Radio Range Vary, (Default= 250m)
MAC Protocol IEEE 802.11
Mobility Model Random Orbit (RWP + P2P)

ORBIT PARAMETERS
Total Hubs (Rooms) Vary, (Default= 15)
Hub Size Vary, (Default= 200m-300m)
Hub Stay Time Vary, (Default= 50s-100s)
Orbit Timeout 250s-500s
Hub List Size 2 to Total Hubs
Inter-Hub Speed Vary, (Default= 10m/s-30m/s)
Intra-Hub Pause 1s
Intra-Hub Speed 1m/s-10m/s

TRAFFIC PARAMETERS
CBR connections 200 (5 packets each) Random
Data Payload 512 bytes per packet

Approximation Factor for End-to-End Delay: The end-to-end delay measures the

time from when a data packet is generated at the source, to the time when it is correctly

received by the destination. Thus, this delay includes the discovery delay, which is the

time taken to discover a path to the destination (in DSR and LAR), or the time taken to

discover the destination’s hub list (in SOLAR). Packets not delivered by any protocol are

excluded from the calculation for that protocol, which may raise “fairness” concerns as

to be discussed later. To compare different protocols as fairly as possible, we calculate

the ratio of the delay observed in simulation and the minimum possible delay for a data

packet in an ideal case, and call it theapproximation factor for end-to-end delay. The

minimum possible delay is the time taken by a packet, right after being generated, to

make its way to the destination via minimum number of radio hops without any MAC

contention, network queuing delay, etc. We use the same minimum possible delay while
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calculating the approximation factor for each of the three protocols.
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Figure 6.5: Protocol Performance at various Source-Destination Radio Hop Distances

The main reason for dividing the observed delay of each packet by the minimum

possible delay of that packet is to account for the fact that different protocols can suc-

cessfully deliver different data packets, and thus may incur different end-to-end delays.

To further illustrate this point, we have run a few simulations with the default parame-

ters mentioned in Table 7.1 and classified the data packets delivered successfully, in

terms of the radio hop distances between their respective sources and the destinations.

Figure 6.5(a) shows the results of our simulation for a given set of packets generated

with different source-destination radio hop distances (note that the number of packets

generated with a distance of 4 hops is very small in this case). The number of data

packets delivered by DSR drop significantly once the destination is more than 2 radio

hops away from the source (whereas LAR1, SOLAR-1 and SOLAR-2 deliver a high

percentage of packets consistently across all hops). On the other hand, the end-to-end

delay in DSR increases with the hop distance (and may be considered to reach∞ when

the hop distance is 4 as zero packets are delivered in this case) as shown in Figure 6.5(b)

2. Thus, a simple comparison of the average end-to-end delay, excluding these undeliv-

2whereas in LAR1 and SOLAR, this may not be the case due to the fact that the discovery delay
(which is a part of the end-to-end delay) does not necessarily increase with the hop distance
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ered packets in particular protocols, would not be fair. More specifically, DSR would

enjoy a lower average delay when compared to LAR1 just because DSR is unable to

send the 4-hop packets which would otherwise incur a higher delay over a longer path.

To introduce a sense of fairness in the delay performance comparisons, we choose to

compare theapproximation factor, which measures the end-to-end delay relative to the

“optimum” delay (after the notion of “approximation factor” in algorithms that measure

the closeness of an heuristic solution to the optimum solution).

In what follows, we will examine how different parameters such as Total number

of hubs (given a fixed terrain), Hub Size, Inter-Hub Speed, Radio Range, and the total

Number of Nodes affect the protocol performance. To that end, we vary one of these

five factors while fixing all others parameters.

6.4.1 Variation in Total number of Hubs

The number of hubs in the terrain affects protocol performance due to its direct impact

on the expected node density within hubs, and the hub list sizes of each node, thereby

affecting the protocol performance as described below.
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Figure 6.6: Protocol Performance vs. Total number of Hubs

Data Throughput: Figure 7.5(a) shows the data throughput of all the protocols with

varying number of hubs. SOLAR-2 and SOLAR-1 perform the best with LAR1 show-
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ing comparable results. DSR has the lowest values for this metric.

The number of hubs seems to have little impact on SOLAR-2, SOLAR-1 and LAR1

but has an interesting impact on DSR. With a very few hubs, the number of nodes

that happen to stay within each hub at any given time can be very large. This elevates

the broadcast storm problem[102] (increased MAC layer contention) in DSR when

flooding of discovery packets is attempted by any node, leading to unsuccessful route

discovery and poor throughput. The performance of DSR improves with the number of

hubs, but after a point, it deteriorates once again. This is because the hub list sizes of

nodes also increases with the number of hubs, and as a result, the nodes enjoy greater

freedom of movement within the terrain, adversely affecting DSR by increasing the

chances of route failures.

LAR1 employs the caching of velocity and location information that helps in lim-

iting the amount of flooding required, thereby resulting in much better performance.

In the SOLAR protocols, as long as there is Inter-Hub movement whence the hub list

information is shared amongst nodes, there is sufficient means to locate nodes and route

packets to them, irrespective of the number of hubs.

Relative Control Overhead: From Figure 6.6(b), we note that LAR1 has the highest

overhead, followed by SOLAR-1, DSR and SOLAR-2 respectively. The majority of

the overhead in flooding based protocols such as LAR1 and DSR is due to the route

discovery process. Specifically, in LAR1, routes are discovered iteratively by increasing

the size of the region where a destination is expected to be found. When the number of

hubs is very low, they may be located far apart, requiring nodes to travel long distances

as part of their Orbit. This leads to nodes moving out of LAR1’s estimated region,

causing repeated flooding and consequently increases the control overhead. On the

other hand, if the number of hubs (and the hub list size along with it) is very large,

nodes enjoy greater freedom of movement within the terrain. This too is not favorable
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for LAR1 for a similar reason as above. This is why a moderate number of hubs seems

to result in a lower control overhead in LAR1.

DSR adopts a less aggressive flooding scheme and is shown to have a lower over-

head than LAR1. In the case of SOLAR protocols, the periodic HELLO beacon in

SOLAR-2 contains more information than that of SOLAR-1. Thus, the overhead in

SOLAR-2 is more than that of SOLAR-1. More specifically, in SOLAR, hub lists stay

valid for a longer time (than location coordinates, or routes), minimizing the number

of query/response packets. In addition, the location update packets are also limited and

infrequent. Thus, SOLAR protocols are able to maintain the lowest overhead among its

competitors.

Approximation Factor for End-to-End Delay: The reasons given above also explain

the approximation factor for delay of all the protocols as seen in Figure 6.6(c). LAR1

has the highest delay due to its iterative estimation of node location, and increased

control overhead. In SOLAR-1, as the hub list size grows with the number of hubs,

it takes a longer time to get the hub list of a destination with the assistance of only

1-hop neighbor information. Thus, the delay in SOLAR-1 increases marginally with

increasing number of hubs. SOLAR-2, with more information, does considerably better

than SOLAR-1, and is comparable to DSR. However, a point to note is that this delay

in DSR is only averaged over the data packets it successfully received, which is far

less than any other protocol. Overall, all protocols seem to perform the best with a

moderate number of hubs for the default simulation terrain, hub size, and number of

nodes. Accordingly, we set the default value of the number of hubs to 15 (see Table 7.1).

Note that the results on the relative performances of the three protocols shown in

Figure 7.5 are generally applicable to all other four cases to be described below where

the hub size is fixed but one of the other four parameters varies, although the explana-

tions may be slightly different in those four cases.
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6.4.2 Variation in Hub Size

We study the effects of the hub size on the protocol performance in this section. In the

following simulations, the hubs were considered to be square regions with equal sizes.
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Figure 6.7: Protocol Performance vs. Hub Size

Data Throughput: Figure 7.7(a) shows that SOLAR-2, SOLAR-1, and LAR1 per-

form consistently well across all hub sizes, with the SOLAR protocols doing the best.

On the other hand, since small hubs force nodes to stay very close to one another within

a hub, DSR is adversely affected by thebroadcast stormproblem mentioned before,

and hence does not perform well with small hub sizes. On the other hand, hub size has

minimal effect on the throughput performance of SOLAR and LAR.

Relative Control Overhead: Once again, LAR has the highest control overhead,

followed by DSR, SOLAR-2 and SOLAR-1, as seen in Figure 6.7(b). The reasons are

similar to those given in Section 6.4.1 for Figure 6.6(b).

Approximation Factor for End-to-End Delay: Figure 6.7(c) shows LAR1 to have

the highest approximation factor for the end-to-end delay, with DSR and SOLAR-2 at

a comparable minimum. When the hubs are small, there is hardly any overlap amongst

them. Thus, if a node moves out of a hub, it most likely has to move a relatively

long distance before reaching another hub. This has a negative impact on the location

estimation of LAR1. On other hand, when the hubs are larger, there is a greater chance
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for hubs to overlap. Thus, even if a node moves to a new hub, its locality with respect

to the terrain remains the same. This aids LAR1 in estimating node locations more

accurately, and leads to a lower discovery delay with increasing hub size.

DSR’s delay can also be negatively affected by MAC layer contention with a very

small hub sizes, while SOLAR protocols enjoy a low hub list discovery latency as be-

fore, due to the use of the distributed location database within a network of acquain-

tances.

6.4.3 Variation in Hub Stay

This parameter has a direct impact on the average node velocity. Lower Hub Stay Time

means shorter time spent by a node in a Hub, increasing the overall time spent in motion

at higher speeds. On the other hand, higher Hub Stay Time signifies lesser nodes in

transition between Hubs, thereby increasing the average node population in Hubs.
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Figure 6.8: Protocol Performance vs. Hub Stay Time

Data Throughput: Since nodes in SOLAR learn of a destination through the net-

work of acquaintances, as long as there exists any mobility that expands this network

and the distributed location database associated with it, both SOLAR versions perform

consistently well in terms of data throughput as seen in Figure 6.8(a). An increase in the
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Hub Stay Time favors LAR1 by increasing its location estimation accuracy along with

its data throughput. DSR suffers from congestion at the MAC layer as it tries to flood in

a Hub with high node population. Thus, its data throughput steadily decreases with an

increase in the Hub Stay Time. Due to the random CBR traffic used by our simulations,

DSR cannot effectively use cached routes to overcome this problem.

Relative Control Overhead: The relative difference in control overhead shown in

Figure 6.8(b) is similar to that seen in Figure 6.7(b) where LAR has the highest con-

trol overhead, followed by DSR, SOLAR-2 and SOLAR-1. However, in the face of

decreasing hub-level mobility (increasing Hub Stay Time), LAR1 is able to make better

location estimates resulting in decreasing overhead. Similarly in SOLAR, lower mo-

bility reduces the number of new neighbors a node interacts with leading to marginally

lower control overhead.

Approximation Factor for End-to-End Delay: As seen before in Figure 6.7(c), the

relative performances of the protocols for delay is seen to be the same in Figure 6.8(c)

for similar reasons.

6.4.4 Variation in Inter-Hub Speed

By varying theInter-Hub Speedwe varied the amount of time nodes spend on average

transiting in between hubs, with respect to their average Hub Stay Time. For the default

Inter-Hub Speedrange given in Table 7.1, the ratio of the Inter-Hub Transit Time to

Hub Stay Time is in between 0.3 to 0.15. We varied this speed from 2m/s to 30m/s so

as to the change the value of this ratio from 2 to 0.15.

Data Throughput: Figure 6.9(a), shows that SOLAR-2, SOLAR-1, and LAR1 do

consistently well for the entire range, while DSR performance fluctuates at several

points. LAR1 manages to maintain a high throughput only at the cost of higher overhead
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Figure 6.9: Protocol Performance vs. Ratio of Inter-Hub Transit Time to Hub Stay Time

and higher delay as confirmed by our earlier observations. In the SOLAR protocols,

high values of the ratio (i.e. nodes spending a large amount of time traveling in between

hubs) does not have a significant impact on the throughput performance. This is be-

cause in SOLAR, intermediate nodes also respond to queries, and cache data packets at

each hub in the destination’s hub list, in addition to being able to reach the destination

outside a hub during geographic forwarding. On the other hand, lower values of the

ratio (i.e., nodes spend considerable amount of time within hubs) only substantiates the

practicality of the hub list information. DSR seems to be doing relative well for three

different cases. First, when nodes spend more time outside hubs than inside, they have

a low Inter-Hub speed, in addition to the default low Intra-Hub speed. This overall re-

duction in node velocity increases route stability in DSR, leading to good throughput.

Second, when nodes spend most of their time within hubs, they move with low (default)

Intra-Hub speed leading once again to increased route stability. Third, DSR also seems

to be doing well when nodes spend an equal amount of time inside and outside hubs,

which leads to a more uniform node distribution that ultimately increases the chances

of route discovery via flooding.

Relative Control Overhead: The relative performances of LAR1, SOLAR-2, and

SOLAR-1 in Figure 6.9(b) are similar to that observed in Figure 6.7(b), and for similar
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reasons.

Approximation Factor for End-to-End Delay: In terms of this metric, LAR1 has the

highest values while both SOLAR-2 and DSR show comparable minimum results in

Figure 6.9(c)(c). DSR however, achieves this average approximation factor over a much

smaller set of successfully delivered data packets when compared to the other three

protocols. SOLAR-2 does better than SOLAR-1 as expected due to a higher amount of

hub list caching. As node speed increases however, and they stay in hubs more often

and travel very quickly in between hubs (i.e. lower ratio values), LAR may cache the

lower Intra-Hub Speed and estimate a region around the last known hub. Thus, anytime

a node moves out of a hub, LAR1 may fail to estimate the location correctly, thereby

incurring higher delay with decreasing values of the ratio of Inter-Hub time to Hub Stay

Time. This is also supported by marginal increase in LAR1 overhead, and marginal

decrease in LAR1 throughput for smaller ratio values.

6.4.5 Variation in Number of Nodes (and Data Connections)

In this section, we study the effect of network load on our routing protocols by vary-

ing the number of nodes while keeping the number of connections per user constant,

resulting in a varying total number of connections.
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Figure 6.10: Protocol Performance vs. Number of Nodes (Data Connections = 2 x
Number of Nodes)

118



CHAPTER 6. SOLAR IN MANET 6.4. PERFORMANCE ANALYSIS

Data Throughput: With a small number of nodes (and connections), LAR1 performs

the best as shown in Figure 7.6(a). In this case, DSR also benefits considerably and in

fact, performs as well as SOLAR protocols. As for the SOLAR protocols, a very small

number of nodes increases the chances of encountering a local maxima (or routing hole)

while performing geographic forwarding. Additionally, with a fewer connections, SO-

LAR protocols can no longer benefit much by allowing nodes to learn other node’s hub

lists as they forward data packets for other nodes. Nonetheless, as the number of nodes

(and data connections) increases beyond 40, SOLAR achieves highest throughput while

DSR begins to get increasingly affected by thebroadcast stormproblem as discussed

earlier.

Relative Control Overhead: As shown in Figure 6.10(b), for all the protocols, the

relative overhead reduces with increased number of nodes as they can make better use

of the different information (path, location, velocity, hub list) cached in the intermediate

nodes. The relative performance of the three protocols remains unchanged.

Approximation Factor for End-to-End Delay: Figure 6.10(c) shows that both LAR1

and DSR have a significantly higher delays with a small number of nodes. This is be-

cause flooding becomes ineffective when there is a only small number of nodes that are

restricted to move and stay within fixed hubs. On the other hand, in SOLAR protocols,

the orbital mobility information of the nodes is still effective enough to keep the node

discovery latency to a consistently low value.

6.4.6 Variation in Radio Range (and Hub size)

The effect of a fixed radio range on varying hub sizes has already been discussed in

Section 6.4.2. As a final study, in this section we scale the terrain up by varying the hub

size and the radio range simultaneously, while retaining the default number of nodes

and data connections.
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Figure 6.11: Protocol Performance vs. Radio Range (Hub Size = Radio Range)

Data Throughput: As seen in Figure 6.11(a), all protocols perform poorly with a

smaller radio range. This can be explained as follows. In general, the average path

length (in radio hops) between a source-destination pair increases with a smaller radio

range. For LAR1 and DSR, the main impact of this effect is to increase the probability

of a link failure, and ultimately leading to route failures. In the SOLAR protocols, a re-

duced radio range implies a lower number of radio neighbors who can continue greedy

forwarding. This in turn increases the probability of failure due to the occurrence of lo-

cal maxima in greedy forwarding. With larger radio ranges, all protocols perform much

better as expected and the relative performances of these three protocols are consistent

with the findings so far.

Relative Control Overhead: Due to an increased average path length caused by a

shorter radio range, flooding based protocols will incur higher overhead and delays.

This is confirmed in Figure 6.11(b), which shows that both LAR1 and DSR have sig-

nificant amount of control overhead for smaller radio range values. However, in the

SOLAR protocols this effect is not as significant as in DSR or LAR1. More specif-

ically, with shorter radio ranges, nodes in SOLAR have fewer neighbors that implies

fewer acquaintances and a lower protocol maintenance overhead on average. On the
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other hand, for longer radio ranges, nodes get to know of many other nodes’ hub lists,

leading to reduced overhead in terms of request/response packets. Thus, the overhead

in SOLAR is seen to be consistent across varying radio ranges.

Approximation Factor for End-to-End Delay: Figure 6.11(c) shows that the delays

for both LAR1 and DSR are significantly higher for small radio range values. This

is because longer paths in source routing schemes tend to break more often, causing

retransmissions, and in turn higher delays. In the SOLAR protocols, since nodes move

along an orbit, they are able to continue to share hub lists with other nodes, and thus the

delay remains consistently lower than that in DSR and LAR1.

An interesting point worth mentioning here is the relationship between the route/hub

discovery latency in each protocol with the distance (in radio hops) from the source to

the destination. In both LAR1 and DSR, the discovery latency for a previously unknown

node is directly proportional to the distance. This is because, even with the caches at

intermediate nodes, longer routes have a higher probability of link breaks, resulting in

route errors and leading to higher discovery delay. However, in SOLAR protocols, this

relation is not that intuitive. For example, in SOLAR-1, a source node may need to learn

about a destination 2 hops away by querying an acquaintance that is say 4 hops away,

thereby increasing the approximation factor for the end-to-end delay (i.e., the observed

delay with respect to the ideal delay based on the distance between the source and the

destination). On the other hand, it is equally likely that a source node may learn about a

destination that is 4 hops away by simply querying a 1 hop neighbor that happens to be

an acquaintance of the destination. More specifically, since the hub lists stay valid much

longer than route caches, longer source-destination distances may still have end-to-end

delays close to the ideal case due to reduced discovery latency. Thus, in SOLAR the

discovery latency is tightly coupled with the knowledge of each node about other nodes’

hub lists, and not as much dependent on the radio hop distance between the source and
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the destination as in LAR1 and DSR.

6.4.7 Effect of Lossy Links and Gray Zones

Wireless networks are seldom attributed with100%link reliability due to varying chan-

nel conditions. As such, it is common to find asymmetric links and “gray zones” [95]

within the network. Unlike a geographic hole, a gray zone may occur due to the pres-

ence of a radio neighbor during neighbor discovery, but failure during the actual trans-

mission of “unicast” data to that neighbor.

Although the presence of specific gray zones affect only a fraction of links in the

network, we decided to study the effect of uniform link loss probability across the net-

work. Thus, the effect of link loss is quite significant even at very low loss probabilities

as any link is subject to the probabilistic failure at any time.
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Figure 6.12: Protocol Performance vs. Link Loss Probability

Figure 6.12(a) shows a steady decline in data throughput of all the protocols, with

SOLAR protocols doing much better than DSR and LAR1. LAR1 seems to be affected

the most. It is possible that due to the orbital movement of nodes, the cached informa-

tion of LAR1 expires quickly, and causes nodes to restart the query process. As all links

have a probability of failure, queries may be lost in gray zones more often leading to

reduced throughput. On the other hand, SOLAR enjoys longer lifetime of cached hub
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list information and require less amount of query packets to be forwarded. This is also

reflected in Figure 6.12(b), where LAR1 is seen to have the highest relative overhead,

and SOLAR the least.

The approximation factor for end-to-end delay in SOLAR is seen to increase in

Figure 6.12(c), while that in DSR and LAR1 is seen to decrease. This may be explained

by the fact that nodes in SOLAR are able to deliver more packets than any of the other

protocols, at the cost of additional delay incurred when data is cached at different nodes.

Thus, even though SOLAR is affected by increasing link loss probabilities, it still

outperforms DSR and LAR1 in terms of data throughput and relative control overhead,

while the increase in the approximation factor for delay is justifiable. Note that the

techniques suggested in [95] may be adopted within SOLAR to reduce the occurrence

of gray zones.

To summarize, based on the above study, we can firmly claim that while DSR and

LAR make tradeoffs between throughput, control overhead and delay, SOLAR is far

superior to any one of these protocols in terms of higher data throughput, lower control

overhead, and shorter end-to-end delay.

6.5 Summary

In this chapter, we have exploited a partially deterministic and hub-based orbital mo-

bility information by observing the social influence on the macro-mobility pattern of

each MANET user. Specifically, we have proposed an ORBIT framework to capture

the orbital movement pattern for MANET users based on a list of places or hubs that

they frequently visit. ORBIT is useful in capturing realistic mobility by integrating

micro-level mobility models with a macro-level inter-hub orbit. We have also used this

simple yet practical mobility information to perform intelligent routing. In particular,

we have proposed a Sociological Orbit aware Location Approximation and Routing
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(SOLAR) protocol for MANET and established the advantages of SOLAR over con-

ventional MANET routing protocols such as LAR and DSR in terms of higher data

throughput, lower control overhead, and lower end-to-end delay.
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Chapter 7

SOLAR for Intermittently Connected

Mobile Ad Hoc Networks (ICMAN)

In this chapter, we present our novel routing solutions to the routing problems within

a special class of Intermittently Connected Networks (ICN) called the ICMAN that is

not only challenged by the uncertainty and time varying nature of network connectivity,

but also shares other constraints of a MANET. First, we consider a practical mobility

framework based on our findings in [44], where an analytical study of wireless users’

mobility traces revealed that users usually move between a small set of socially signif-

icant places (called “hubs”), to form the so-called “sociological orbits” [51]. Second,

to leverage on the sociological orbit based mobility profiling techniques [44] in routing

within ICMAN, we propose one multi-path hub-level routing method, and two varia-

tions of user-level routing techniques based on “contact probabilities”. We then com-

pare these approaches with that of Epidemic Routing [128] to highlight the advantages

of using our concept of mobility profiles based on the sociological orbital framework

in performing efficient routing within ICMAN. But first, we describe the sociological

mobility framework suitable for ICMAN.

Sociological Movement Pattern for ICMAN: In the real world, users routinely
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spend a considerable amount of time at a few specific place(s) that we refer to as hub(s).

For example, a graduate student in school may visit and spend some significant amount

of time in his/her laboratory, a seminar room, or the cafeteria. Although it is hard (or

may be even against privacy policies) to keep track of an individual at all times, one can

still take advantage of the fact that most users’ movements are within and in between

a list of hubs. In these situations, it is often possible to estimate/measure hub-visit

probabilities and inter-hub movement patterns of an individual. This information then

constitutes a part of the users’mobility profiles. For example, even if we do not know

the exact location of the graduate student at any given time, given his/her mobility pro-

file we can most probably find him/her in either the laboratory, or the seminar room, or

the cafeteria, without having to look all over the building/campus. The more “periodic”

the movement pattern is, the more we can take advantage of the mobility profile. This

orbital concept is illustrated in Figure 7.1.

Potential ICMAN

Home

Room

Porch

Room
Living

Kitchen

Cafeteria

School

Level 1 Orbit

Level 2 Orbit

MANET / ICMAN

Research
Lab

Seminar

Gym

Potential

Figure 7.1: A hierarchical view of sociological orbits

In practice, hubs can be identified in a variety of ways. The use of GPS service

is the obvious first choice. Alternatively, signal strengths of wireless Ethernet packets

can be used for location sensing and real-time tracking [81]. In the broader contexts of

pervasive/ubiquitous computing[2], andAmbient Intelligence(AmI) [112], localization

in a cosmopolitan area will be even more readily available. As part of our ongoing work

we are in the process of analyzing real time experimental data on user mobility and
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network usage patterns to validate the existence of hubs and mobility profiles.

An Example Probabilistic Orbit Model : To illustrate the concept of the sociolog-

ical orbital movement, we first construct a simple yet practical orbital model called

the Probabilistic Orbit, which is different from our earlier proposed Random Orbit

model [51] in ways that are explained in the following description. The Probabilistic

Orbit model allows for the creation of a certain number of hubs within the simulation

terrain for all the nodes, as specified by the parameterNumber of Hubs. These hubs

are located at random places within the terrain. However, unlike in Random Orbit,

in Probabilistic Orbit hubs are not allowed to overlap with each other (in accordance

with the disconnected nature of an ICMAN). Each node can visit a subset of randomly

chosen hubs, forming its hub list, following a specified transition probability matrix

creating aProbabilistic Orbit. The list of hubs a node visits is bounded byHub List

Size, and the time it spends in each hub is an exponential random variable with mean

specified byHub Stay Time(unlike the uniformly distributed hub stay time in Random

Orbit). Together, these two parameters define an Inter-Hub Orbit (IHO). Probabilistic

Orbit further differs from Random Orbit in that Probabilistic Orbit assumes the hub list

assigned to each node to stay constant for the entire duration of the simulation.

The mobility pattern of individual nodes shall comprise of two parts: movement in-

side a hub, and movement in between hubs. For convenience, the movement inside each

hub, which shall also be referred to as the Intra-Hub Movement (IHM), was chosen to

follow a modified Random Waypoint mobility model, whose speed range is denoted by

Intra-Hub Speed(with a non-zero minimum as suggested by [136]), and whose pause

time is denoted byIntra-Hub Pause. For movement in between hubs, we define a Point-

to-Point Linear (P2P Linear) model. In this model, when a node wants to leave one

hub for another, it first randomly selects a point within the destination hub. Second, it

chooses a transition time that is exponentially distributed with meanInter-Hub Transi-
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tion Time. Third, it moves towards the destination point linearly from its current posi-

tion with the velocity obtained by dividing the total travel distance by the total travel

time. However, unlike in Random Orbit, nodes in Probabilistic Orbit are assumedin

most casesto not communicate with any other node while it is traveling from one hub

to another.Note that for each of the two parts, any known practical mobility models

satisfying similar properties as above, may be chosen.

Figure 7.2 illustrates the Probabilistic Orbit model.Note that, this example Proba-

bilistic Orbit model does not simply integrate two common mobility models (Random

Waypoint, and P2P Linear), but most importantly also introduces the practical orbital

movement amongst hubs.Such a model is suitable for modeling wireless devices car-

ried by users working in an office building, attending a convention, or around a campus,

which may constitute the ICMAN. As users move around, devices either automatically,

or with the user’s permission/assistance may record the hubs visited, along with the fre-

quency of visits to each of those hubs, and share the hub-based orbital mobility profile

with trusted “acquaintances”. Such mobility profile can then help improve routing as

described next.

Hub 3

Hub 1

Hub 2

Hub 5

Orbit 1: Hubs 1,2,3

Orbit 2: Hubs 3,4,5IHM (Random Waypoint)

Inter−Hub (P2P Linear)

Hub 4

Figure 7.2: The Probabilistic Orbit Model

The rest of this chapter is outlined as follows. In Section 7.1, we present a detailed

description of the suite of SOLAR protocols suitable for ICMAN scenario and analyt-

ically study a few of them in Section 7.2. We then compare the performance of our
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protocols via rigorous simulation study in Section 7.3, and finally conclude this chapter

in Section 7.4.

7.1 The SOLAR Protocols

In a conventional MANET (as opposed to intermittently connected networks), Socio-

logical Orbit aware Location Approximation and Routing (SOLAR) framework uses a

concept of “acquaintance” similar to that in our work in Acquaintance Based Soft Lo-

cation Management (ABSoLoM) protocol [46], as well as to some degree the concept

of peer collaboration(among “acquaintances”) in [10]. For a detailed description of

SOLAR and its application towards MANET the readers are referred to our prior work

in [50, 51]. In an ICMAN however, we apply the concepts of “contact probability”

and “delivery probability” in proposing a series of multi-path protocols to address the

inherent network differences between a MANET and an ICMAN.

7.1.1 Static SOLAR-KSP Algorithm

In this version of SOLAR, we assume that each node knows of every other node’s hub

list and its associated transition probability matrix. Also, as the simulation proceeds we

assume nodes to be able to communicate with other nodes within radio range even while

traveling from one hub to another. Under this assumption, each node distributively does

the following: First, every node computes thecontact probabilitywith every other node,

taking into consideration the communication of nodes within hubs only. Second, every

node computes thedelivery probabilityto all other nodes. As to be discussed in Chap-

ter 8, Section 8.1, the method for obtaining the contact probability of two nodes within a

specified time intervalT is computationally expensive. Thus, for the sake of simplicity

we estimated the contact probability in our simulation from the actual observed mobil-
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ity patterns of every pairs of nodes for the duration of the entire simulation. However,

it should be noted that in the real world the computation of this contact probability as

suggested by our analytical model in Chapter 8, Section 8.1 would need to be done only

once at start (and may change only rarely), and hence is practical. For computing the

delivery subgraphassociated with this SOLAR protocol we use the Dijkstra’s Shortest

Path algorithm [41], and then compute the delivery probability as described next.

Hub list information of all nodes can be formally represented as a weighted graph

G = (V,E), whereV is the set of all the nodes, andE is the set of weighted edges

between every pair of nodes that have at least one hub in common. LetP(u,v) be the

contact probability of nodesu andv. Then the weight of edge(u,v) is given by:

w(u,v) = log(1/P(u,v)) .

In this weighted graph, each node applies a variation of the Dijkstra’s Shortest Path

algorithm to findk shortest paths (KSP) to every other destination, such that:

1. a path with the minimum total weight is chosen first

2. each path has a different next hop node from source.

Note that due to condition2, a node may have less thank shortest paths. In any case, a

node orders thek paths for each destination in descending order of delivery probability.

Once these KSPs are constructed, a node only needs to maintain the next hops for

each of the paths (maximum ofk entries per destination nodes). When the source has a

packet to send to the destination, it first checks if the destination is within radio range, in

which case the packet is directly delivered. Else, it caches a copy of the packet for a pre-

determined time intervalT, during which it may adopt one of the following “forwarding

schemes”:
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1. send-to-all: send copies of the packet to all the next hops on thek-best paths that

come within radio range

2. send-to-best: send a copy of the packet to the next hop node on the best path only,

if it comes within radio range

3. send-to-any: send a copy of the packet to any of the next hop nodes on thek-best

paths that come within radio range

After the time intervalT, the packet is purged from the cache. Each node in the path

repeats this same process as that packet gets forwarded towards the destination.

7.1.2 Dynamic SOLAR-KSP Algorithm

In this variation of SOLAR, each node locally computes KSP to every other node in the

network, but unlike Static SOLAR-KSP algorithm where nodes try and forward only

to nodes withinNksp
next, a node in Dynamic SOLAR-KSP algorithm shall forward to at

mostk nodes from amongst its current neighbors with higher delivery probability to the

destination. To avoid packet duplication, when a node receives any packet in a hub,it

does not try to forward to any other nodes in the same hub. It waits till it moves to

a new hub before repeating the forwarding process described above. Also, nodes are

assumed to not communicate with any other node (except with the destination) when

they travel from one hub to another. Thus, Dynamic SOLAR-KSP combines static

hub based information with dynamic selection of next hop on the path towards the

destination. In our simulations, we choose the value ofk = 2 and refer to this version

asD-SOLAR-KSP.
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7.1.3 SOLAR-HUB Algorithm

This SOLAR variation is very unlike the other versions discussed so far in that nodes

in this protocol do not compute KSP to every other node in an attempt to forward data

along a path of intermediary nodes to the destination. Instead, the source node tries to

forward data to its neighbors that have a higherdelivery probability to the hubsvisited

by the destination (and not to the destination itself). To explain this next hop selection

process in more detail, lets define a few terms:

• Pd
nih j

: The delivery probability of nodeni to hubh j .

• Pt
nih j

: The probability of nodeni to travel to hubh j ever during simulation.

• h(ni): The hub that nodeni is going to visit next.

• Pc
nink

(h j): The probability for contact of nodesni andnk in hub h j ever during

simulation.

• N(ni): Neighbors of nodeni .

Given this, every nodeni can dynamically and distributively compute the delivery prob-

ability to every other hubh j as

Pd
nih j

= max(Pt
nih j

, max
k

(Pc
nink

(h(ni))∗Pt
nkh j

))

Thus, when a nodens wants to forward a data packet to one of the hubsh j in the

destination node’s hub list, it will pick as the next hop the node

{ni | max(Pd
nih j

), ni ∈ N(ns)} iff Pd
nih j

> Pd
nsh j

More specifically, nodes are assumed to know the next hub they are going to visit

after they move out of their current hub (note that SOLAR-KSP versions did not make
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this assumption), in addition to every other node’s hub list probability distribution. We

believe that in the real world, this assumption may often be a realistic one, as users

(nodes) move with some purpose in mind. We study3 different strategies for routing

under this framework:

Strategy-1: When source has data to send, it shall forward a copy of the data packet

to a maximum ofk/2 neighbors with higher probability of visiting the “most visited”

hub of the destination, and to a maximum ofk/2 differentneighbors with higher proba-

bility of visiting the “second most visited” hub of the destination. If no such neighbors

exist, source caches the packet for a specified timeout period. To avoid loops, each

downstream node that receives a packet in a particular hub, only repeats this forward-

ing process when it moves into a different hub. Once a packet reaches a node that is

within either the most or, the second most visited hub of the destination, it is cached for

a specified timeout period for the destination node.

Strategy-2: When a source has data to send, it shall forward a copy of the data

packet to a maximum ofk neighbors who have higher probabilities to visit the “most

visited” hub of the destination when compared to all nodes (including the source) in the

neighborhood of the source. Like before, each downstream node repeats this process

upon moving into a new hub, till the packet arrives at a node that is within the most vis-

ited hub of the destination, where it shall stay cached for the destination for a specified

timeout period.

Strategy-3: This is a mix of the 2 strategies described above, where the source of the

data packet followsStrategy-1, while all other downstream nodes that receive a packet

follow Strategy-2. Similar to D-SOLAR-KSP, nodes in this version are assumed to not

communicate with any other node (except with the destination) as they travel in between

hubs.
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We compared all the3 strategies via simulation studies, and foundStrategy-3with

k = 2 (referred to asSOLAR-HUB henceforth) to perform the best. However, due to

space constraints we are not able to include these comparison results in this work.

7.2 Brief Analytical Study of S-SOLAR-KSP

In this section, we shall briefly analyze the different schemes of S-SOLAR-KSP to gain

a better understanding of their effects on the protocol performance.

7.2.1 Analysis of Forwarding Schemes

In the interest of analyzing the relative performance of thesend-to-bestforwarding

scheme to that of thesend-to-allforwarding scheme, we consider a simple example

network (Figure 7.3(a)) where the height (h) of the shortest path between the source (s)

and the destination (d) is 2. Let us assume that all nodes (exceptd) have an incoming

degree of1 and an outgoing degree (k) of 2. LetP be thecontact probabilityfor all pairs

of nodes. Let us consider all paths froms to d that have a maximum length ofh+ 1

(since paths longer than that have negligible delivery probabilities in our simulation en-

vironment). The ratio (R) of the delivery probabilities (Pd) of the two schemes can then

be written as

R=
Pd

best

Pd
all

=
P2

2P(P2 +P−P3)−P2(P2 +P−P3)2

or,R=
1

2(P+1−P2)− (P2 +P−P3)2

To get a lower bound, we always ignore all higher degree terms in the denominator in

each calculation that are less than0. By doing this we have

R=
1

2(P+1−P2)
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The denominator will be maximum forP = 0.5, giving the worst case ratio ofPd
best to

Pd
all as0.4. If we extend the graph to havek = 2,h = 3 (Figure 7.3(b)) and still consider

all paths with maximum lengths ofh+1, we can get the simplified ratio

R=
P

4(P2 +P−P3)
=

1
4(P+1−P2)

By neglecting the higher order terms in the denominator once again, we can get the

general form of this ratio as

R=
P

kh−1(1− (1−P)(1−P2)k−1)

From the termkh−1 in the denominator we can observe thatR will decrease exponen-

tially ash increases, and it will decrease polynomially ask increases.

s
P P

P P P P

PP

h = 2

d

(a) k = 2, h = 2

d

h = 3

s

(b) k = 2, h = 3

Figure 7.3: Examples for analysis of forwarding schemes in Static SOLAR-KSP

7.2.2 Performance Study

To evaluate the effect of differentk values on SOLAR-KSP under each of the3 schemes:

send-to-all, send-to-best, andsend-to-any, we simulated our protocol in the GloMoSim
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[137] simulator using the default parameter values as shown in Table 7.1. We compare

the metricsdata throughput, network byte overhead,andaverage end-to-end data delay,

all of which are defined in more detail in Section 7.3. For the sake of our following

discussion, let us defineNksp
next for each nodei to be the set of nodes (maximum ofk) that

form the next hops on each of the KSPs emanating from nodei to a given destination

node.

In the results shown in Figure 7.4 we see thatsend-to-bestis independent of the

values ofk since it only sends data along the best path. Whereas, for the other two

schemes:send-to-anyandsend-to-all, a value ofk = 1 makes them similar tosend-to-

best. Hence, we only show protocol results fork from 2 to 4 and results forsend-to-best

represent the performance of all3 schemes fork = 1.

In Figure 7.4(a) we see thatsend-to-allhas the highest throughput, but it also has

the highest overhead as seen in Figure 7.4(b). This is understandable assend-to-alluses

all of the KSPs computed at start of simulation. More specifically, for larger values ofk

the overhead ofsend-to-allis seen to grow significantly due to the exponential increase

in the number of packets forwarded at each intermediate node. Overall, we get the

optimum results (high throughput, but low overhead) forsend-to-allwith k = 2. On the

other hand, the throughput forsend-to-anyis seen to decrease with increasing values of

k. This is because ask increases, the cardinality ofNksp
next increases, and assend-to-any

chooses the first available node inNksp
next, the difference in the delivery probability of that

chosen node to that of the best choice withinNksp
next may increase. Schemesend-to-best

has the lowest overhead as it waits for the best choice inNksp
next, and consequently has

the highest dropping rate (i.e., lowest throughput) when that best choice is not available

within a specified time intervalT.

In Figure 7.4(c), we see that for each of the3 schemes, the end-to-end data delay

is proportional to the data throughput as seen in Figure 7.4(a), with varying values of
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k. This is because, data packets are sent from the source uniformly to nodes that are

both near and far, with destination nodes that are near (shorter paths) having a higher

probability of receiving a packet correctly. Hence, larger number of packets delivered

also implies larger number of packets reaching destination nodes further apart (over

longer paths), involving higher values of delay, which consequently increase the average

end-to-end delay.

From the results above, it is evident that in our given scenario Static SOLAR-KSP

performs the best with thesend-to-allscheme withk = 2. As such, we shall use this

variation of Static SOLAR-KSP, also referred to asS-SOLAR-KSP, for our performance

comparison in Section 7.3 with the other SOLAR protocols, to be described next.
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Figure 7.4: Performance of Static SOLAR-KSP with varyingk

7.3 Performance Analysis of SOLAR Protocols

In this section, we describe the extensive simulation study we carried out to compare the

performance of the SOLAR protocols:S-SOLAR-KSP, D-SOLAR-KSP, andSOLAR-

HUB using the GloMoSim [137] simulator. We included the Epidemic Routing protocol

[128] (referred to asEPIDEMIC in this work) in our comparisons because of its simple

yet efficient performance in face of general intermittently connected networks. For
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the simulation scenario, we considered an ICMAN built within a corporate campus

consisting of several buildings (hubs). Corporate employees spend most of their time

within the hubs and intermittently move in between hubs. To model realistic speeds of

mobile users within such a network, we considered the work in [78, 134] and fixed the

ORBIT Inter-Hub and Intra-Hub time/speed parameters, along with the other simulation

parameters as shown in Table 7.1. We chose three metrics to evaluate the performance

of each protocol as described below:

Table 7.1: Simulation Parameters for ICMAN
GENERAL PARAMETERS
Simulation Duration (each run) 3000s
Terrain Size 1000m x 1000m
Number of Nodes (Users) Vary, (Default= 100)
Radio Range 125m
Cache Size Vary, (Default= 200 Packets)
Cache Timeout Vary, (Default= 400s)
MAC Protocol IEEE 802.11
Mobility Model Random Orbit (RW + P2P)

ORBIT PARAMETERS
Total Hubs Vary, (Default= 15)
Hub Size 50m x 50m
Hub Stay Time Power Law (Mean=106/x3)
Hub List Timeout None
Hub List Size Power Law (Mean=0.7/x2, 1 to Total Hubs)
Inter-Hub Transition Time Exponential (Mean= 40s)
Intra-Hub Pause 1s
Intra-Hub Speed 1m/s-10m/s

TRAFFIC PARAMETERS
CBR connections 30 (120 packets each) Random
Data Payload 1460 bytes per packet

Data Throughput: This metric is defined as the ratio of the total number of data

packets received correctly by all destinations, to the total number of data packets gen-

erated by all sources, for the entire duration of the simulation.

Network Byte Overhead: This metric is defined as the ratio of the amount of con-

trol and data information (measured in bytes) that got transmitted from a node to its
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neighbor, to the total amount of data information (measured in bytes) that was received

correctly, for the entire duration of the simulation. In the SOLAR variations, the con-

trol packets consist of onlyHello packets, whereas in Epidemic Routing, the control

overhead is due to the exchange ofHello andSummary Vectormessages.

Average End-to-End Data Delay: The end-to-end data delay is defined as the time

interval (measured in seconds) between the generation of a data packet at the source

and its reception at the destination. This value is averaged over all packets correctly

received at the destination to give the average.

In what follows, we will examine how the total number of hubs, and the total number

of nodes affect the protocol performance. To this end, we vary one of these two factors

while fixing all other parameters to their default values. Each plot point in the results is

averaged over 6 different simulation runs with varying random seeds.

7.3.1 Variation in Number of Hubs

The number of hubs in the terrain affects protocol performance due to its direct impact

on the expected node density within hubs (given a fixed number of nodes), and the hub

list sizes of each node.

Data Throughput: As seen in Figure 7.5(a), the data throughput of SOLAR-HUB is

the most consistent with a varying number of hubs. This is attributed to the assumption

that each node knows of the next hub it is going to visit, which aids in the next hop

selection process. In the case of the KSP based SOLAR protocols: D-SOLAR-KSP and

S-SOLAR-KSP, increasing number of hubs decreases the node density within hubs and

reduces the likelihood of finding suitable next hops with higher delivery probability to

the destination. Amongst the two however, nodes in D-SOLAR-KSP have more free-

dom of choice in selecting the next hop, and can make best use of whichever nodes are

available within radio range. Thus, the throughput of D-SOLAR-KSP is comparable to
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that of SOLAR-HUB. In S-SOLAR-KSP however, since nodes only forward to other

nodes within theirNksp
next set, decreasing node densities significantly decrease the proba-

bility of finding such nodes in the same hub within a specified time, thereby adversely

affecting their throughput with increasing number of hubs. Similarly in EPIDEMIC,

since the only way of data dissemination is via data exchange amongst neighbors, de-

creasing node densities within hubs causes the throughput to decrease. Moreover, since

in our Probabilistic Orbit model, hubs do not overlap, nodes in EPIDEMIC cannot com-

municate with other nodes in other hubs, as they are far apart.

Network Byte Overhead: From Figure 7.5(b), we note that the network byte over-

head incurred by SOLAR-HUB is the highest and it keeps increasing with increasing

number of hubs. This is easy to understand since in SOLAR-HUB nodes try and for-

ward a copy of a packet whenever they enter a new hub. Thus, as the number of hubs

increases, the hub list size of each node grows and more packets get forwarded in the

network. In D-SOLAR-KSP, the overhead is seen to be less than SOLAR-HUB pri-

marily due to the reason that in D-SOLAR-KSP, it is possible for two nodes to forward

different copies of the same packet for a specific destination to the same neighbor in a

hub, with highest delivery probability to the destination. In this scenario, that neighbor

will drop one of the packets and only forward one copy onward, reducing the total num-

ber of packet transmissions in the network. In SOLAR-HUB however, since packets are

forwarded to the “most visited” and “second most visited” hubs of a destination, such

dropping of duplicate packets at intermediate nodes are less frequent. S-SOLAR-KSP

is more or less consistent with varying number of hubs since it only tries to forward

to nodes withinNksp
next, which is independent of the hub list size of nodes. However,

with large number of hubs, the probability of meeting with favorable neighbors reduce

considerably, reducing the the total data packets forwarded, which in turn lowers the

overhead. The overhead in EPIDEMIC could not be included in this same graph as we
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found it to be an order of100more than any of the SOLAR protocols. In EPIDEMIC, a

pair of nodes exchange data whenever they have space in their buffer and each has some

data packet that the other does not. Thus, the number of data exchanges are enormous,

leading to such high overhead.

Average End-to-End Data Delay: As seen in Figure 7.5(c), the end-to-end data

delay in S-SOLAR-KSP is not much affected by the number of hubs. This is due to the

fact that nodes in S-SOLAR-KSP only use the pre-computed KSPs that do not depend

on the number of hubs. In D-SOLAR-KSP however, the dynamic and greedy next

hop selection favors the end-to-end data delay when there are only a small number of

hubs by making sure that the packet never waits for any particular neighbor to appear.

However, when the number of hubs grow larger, such a greedy selection may cause the

packet to reach the destination via a longer path (when compared to S-SOLAR-KSP),

or may suffer delays at some intermediate node in the dynamically formed path, leading

to higher end-to-end delay. In SOLAR-HUB, longer hub lists may cause the destination

to visit the “most visited hub” less frequently, leading to higher delays. EPIDEMIC

displays the highest end-to-end delay since it only relies on eventual dissemination of

the data packet to the destination, which may take a long time when number of hubs are

large and nodes meet in hubs less frequently.
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7.3.2 Variation in Number of Nodes

In this section, we study the effect of varying the number of nodes in the network on the

performance of the protocols. Given a fixed terrain size and radio transmission range,

the total number of nodes directly impact the network connectivity.

Data Throughput: From Figure 7.6(a), it is clear that as the number of nodes in-

creases, all protocols benefit, for their own respective reasons. With a fixed number

of hubs, an increase in the number of nodes also increases the node density within

hubs, which as noted in the discussions in Section 7.3.1 positively affect all protocol

performance. The relative performance amongst the protocols are similar to that seen

in Figure 7.5(a) with SOLAR-HUB and D-SOLAR-KSP performing much better than

S-SOLAR-KSP and EPIDEMIC. Since nodes in S-SOLAR-KSP only wait fork of its

neighbors inNksp
next to come within radio range, it cannot fully leverage the increase in the

number of nodes. On the contrary, higher node density provides the greedy approach

in D-SOLAR-KSP with more choices of next hop, leading to better performance than

S-SOLAR-KSP. In EPIDEMIC, larger number of nodes will cause a larger number of

data exchanges. Given a fixed cache size this can lead to eventual dropping of packets,

limiting the throughput to a low value with increasing number of nodes.

Network Byte Overhead: The relative performance of the overhead of all the pro-

tocols shown in Figure 7.6(b) is also similar to that seen in Figure 7.5(b), and much

for the same reasons. With an increased node density within hubs, nodes in SOLAR-

HUB almost always findk neighbors to forward to, leading to an increased overhead.

D-SOLAR-KSP displays lower overhead than SOLAR-HUB for reasons discussed for

Network Byte Overheadin Section 7.3.1. S-SOLAR-KSP has the lowest overhead since

it only forwards to at mostk pre-selected nodes, that may or may not appear within ra-

dio range in a specified timeout period. EPIDEMIC once again was omitted from this

graph due to its much larger values of overhead.
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Average End-to-End Data Delay: The end-to-end delay for all protocols decrease

on an average with a larger number of nodes, as seen in Figure 7.6(c). Although, EPI-

DEMIC protocol eventually delivers data, due to its lack of direction (toward the desti-

nation node or hub) it suffers high end-to-end delay. S-SOLAR-KSP shows consistent

performance by only selecting nodes fromNksp
next, which is still bounded byk, and thus

independent of the total number of nodes. On the other hand, increasing node density

within hubs appear to cause significant improvements in the end-to-end delay for nodes

in both SOLAR-HUB and D-SOLAR-KSP, as nodes find larger number of suitable

nodes to efficiently forward their data packets.
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Figure 7.6: Protocol Performance vs. Number of Nodes

We also studied the effect of varying hub sizes while keeping the radio range a

constant, but found similar relative results for each hub size considered. Due to space

constraints we are unable to include those results in this work. However, it is evident

from the above performance comparison that all the SOLAR variations perform much

better than the conventional approach of Epidemic Routing, without having to compro-

mise on any of data throughput, network overhead or end-to-end data delay.
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7.3.3 Effect of Cache Size

Here we study the effect of the maximum number of packets that a node can hold on

to simultaneously, both for itself and for other nodes, referred to as theCache Size. In

this scenario, the time to live for packets in cache was set to the simulation time to

effectively have no timeout, while theCache Sizewas varied. As seen in Figure 7.7(a),

the performance of all our SOLAR protocols improve with increasing cache size. With

sufficient amount of storage space in all nodes, we see that both D-SOLAR-KSP and

SOLAR-HUB are able to attain100%throughput via their dynamic selection of next

hop from amongst the available neighbors. Although, the throughput in S-SOLAR-

KSP increases with larger cache sizes, it is still shy of100%indicating some packet

loss. This is easy to understand given the fact that in S-SOLAR-KSP, nodes wait and

forward only to nodes in theirNksp
next set. In most cases, thecontact probabilityp of a

node with those nodes inNksp
next within the simulation time period is less than1. Thus,

with probability 1− p packets will be dropped at a node when none of the expected

nodes come within radio range, preventing the throughput from reaching100%. It is

obvious that given infinite time, S-SOLAR-KSP will be able to forward all packets

eventually. This is the same reason why in Figure 7.7(c) we find the average end-to-end

delay in the dynamic SOLAR protocols: D-SOLAR-KSP and SOLAR-HUB, to be far

less than that in S-SOLAR-KSP, which waits to forward only to specific nodes. Also, as

mentioned earlier in our performance analysis ofStatic SOLAR-KSPin Section 7.1.1,

nodes uniformly send data to other nodes over both short and long paths, with the shorter

paths having more probability of success. Hence, an increase in the throughput (with

increasing cache size) also indicates more data delivered over longer paths, which in

turn leads to an increase in the average end-to-end data delay for S-SOLAR-KSP, as

seen in Figure 7.7(c).

As the cache size increases, each node can store more packets and can in turn for-
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ward more packets, leading to increased overhead as shown in Figure 7.7(b). Since

nodes in S-SOLAR-KSP wait to forward to specific nodes, the number of transmissions

is lower for small cache sizes, leading to lower overhead than the other two SOLAR

protocols. However, as the cache size increases to hold more packets, S-SOLAR-KSP

may have multiple transmissions of the same packet within the same hub, unlike in D-

SOLAR-KSP and SOLAR-HUB, where nodes forward packets only when they move

into a new hub. This explains the sudden rise of overhead in S-SOLAR-KSP with in-

creasing cache size. However, this increase levels off beyond a certain point when the

probability of finding a node withinNksp
next provides an upper bound to the number of

transmissions in a hub, making it independent of the cache size.
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Figure 7.7: SOLAR Performance vs. Cache Size

7.3.4 Effect of Cache Timeout

Here we study the effect of the maximum time for which any packet is cached within

a node, referred to as theCache Timeout. In this scenario, theCache Sizewas set to

650packets, while theCache Timeoutwas varied. As seen in Figure 7.8(a), even with a

moderate cache timeout D-SOLAR-KSP and SOLAR-HUB perform well with around

80% throughput. This is because both these protocols keep selecting their next hops

from the available set of neighbors, unlike S-SOLAR-KSP, which has to wait for spe-

cific nodes inNksp
next, and consequently has a much lower throughput with a low cache
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timeout value. However, with increasing cache timeout, the probability of nodes in

S-SOLAR-KSP to find nodes inNksp
next within that timeout period increases, thereby in-

creasing the throughput significantly. The corresponding average end-to-end data delay

incurred by the protocols also show proportional results in Figure 7.8(c), with higher av-

erage delay for higher throughput. The reason is similar to that described before, where

more packets getting delivered indicate greater number of packets being delivered over

longer paths (and hence with longer delay), which increase the average end-to-end de-

lay. More specifically, for nodes in S-SOLAR-KSP this effect of increase in cache

timeout is more significant since each node waits for that time period to try and for-

ward packets. Just as this improves the probability of finding expected nodes, thereby

increasing the throughput as seen before, it also increases the average end-to-end delay

by an appreciable amount.

The relative overhead performances of the3 protocols in Figure 7.8(b) is seen to

be similar to that shown in Figure 7.7(b), and for similar reasons. SOLAR-HUB has

more number of transmissions at the intermediate nodes than D-SOLAR-KSP due to

reasons discussed forNetwork Byte Overheadin Section 7.3.2. The overhead in S-

SOLAR-KSP however, shows less drastic changes with varying cache timeout than that

seen for varying cache size in Figure 7.7(b). This is because the lowest cache timeout

we considered (200 seconds) was more than the average hub stay time (exponentially

distributed with mean of50seconds), giving every node a fair opportunity to meet with

nodes in theirNksp
next. Overall, given more time every protocol has a higher probability of

meeting suitable nodes for forwarding packets, thereby displaying a general increase in

network overhead with increasing cache timeout.
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Figure 7.8: SOLAR Performance vs. Cache Timeout

7.3.5 Note On Mobility Profile Lifetime

A priori knowledge of the mobility profile for all users presents some scalability issues:

each user can only maintain mobility profile information regarding a finite number of

users. A solution to this problem is to have each user keep a buffer containing mobility

profiles for a set number of users, and to flush out older mobility profiles as new ones

are required.

In all the variants of SOLAR introduced here, if the source does not have the mobil-

ity profile of its intended correspondent, it can request it from its neighbors by issuing

a profile request. The neighbors can then forward the request to their own neighbors

if they do not possess the requested profile, or provide the profile if they do. In [133]

it is shown that the probability to have a positive answer to the request depends on the

length of time each profile is kept by a user and on the maximum number of hops the

request is forwarded. It can be ensured that the request is satisfied with high probability

by setting the maximum of hops to the right value. The maximum number of hops also

sets a maximal delay for the request to be satisfied.
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7.4 Summary

In this chapter, we have addressed the issue of efficient location management and rout-

ing being studied under the constraints of network disconnections, common within In-

termittently Connected Networks (ICN). The unavailability of contemporaneous end-to-

end path from a source to a destination through intermediary peers renders most reactive

and proactive routing protocols useless. Although, some work [67] has been suggested

in literature that assumes deterministic mobility, the actual motion of users in real life

are not as predictable. In the absence of any practical knowledge oracle to provide up-

to-date network connectivity information, the routing problem remains a daunting one.

To that end, researchers in [28,58,138] have also proposed methods to either exploit or

influence the network mobility (e.g., by introduction of foreign mobile agents into the

ad hoc network and controlling their motion) to improve network efficiency. However,

such methods may not be too practical (e.g., foreign agents may not always be freely

available and their ready deployment may not always be feasible).

In this chapter, we have applied our previously validated concepts of sociological

orbits involving a set of socially significant places (or hubs), that is well suited for semi-

deterministic node mobility within a special class of ICN formed of mobile ad hoc users

called ICMAN. We have proposed a series ofSociological Orbit aware Location Ap-

proximation and Routing (SOLAR)algorithms, that leverage upon the underlying orbital

mobility information to route data within an ICMAN more efficiently than other conven-

tional routing approaches (e.g., Epidemic routing [128]) within an ICMAN, in terms of

higher data throughput, lower network overhead, and lesser end-to-end data delay. We

have already established the simplicity and efficiency of using our SOLAR framework

in a Mobile Ad Hoc Network (MANET) [50, 51]. In this chapter, we have presented

equally strong results to prove that our proposed SOLAR is as strong a candidate of

choice when it comes to meeting the challenges of routing within an ICMAN.
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Chapter 8

Theoretical Modeling and Analysis

So far in this thesis, we have proposed techniques for profiling users based on their mo-

bility and analyzed several SOLAR routing strategies that make use of these mobility

profiles and their pairwise contact probabilities. In this chapter, we aim to provide in de-

tail a mathematical model for computing the contact probabilities and subsequently the

delivery probabilities that were used by our SOLAR protocols, based on our mobility

profile information and the hub transitional probabilities. To facilitate our discussion,

we shall define a couple of terms:

1. contact probability: The probability of two nodes ever coming within each other’s

radio range (in contact) during the entire observed time window.

2. delivery probability: The probability of a source delivering a packet to a destina-

tion via all possible paths of intermediary nodes that come “in contact” with their

predecessors and successors in their respective paths.

The rest of this chapter is outlined as follows. We start off by presenting a mathe-

matical model for computing the pairwise usercontact probabilityin Section 8.1. We

then formulate our novel routing problem in Section 8.2 and discuss its complexity

in Section 8.3. We present an approximation algorithm for computing the delivery

149



CHAPTER 8. THEORETICAL ANALYSIS 8.1. CONTACT PROBABILITY

probability in Section 8.4 and compare its performance with an optimal solution. In

Section 8.5, we propose and analyze an edge-constrained routing protocol called EC-

SOLAR-KSP, which makes use of contact probabilities, and compare its performance

with other probabilistic and epidemic routing schemes proposed in literature for inter-

mittently connected networks. Finally, we summarize this chapter in Section 8.6.

8.1 A Model for Computing Contact Probability

In this section, we present a model for computing contact probability of network nodes

in the context of intermittently connected mobile ad hoc networks. The model is based

on experimental data we gathered from real-world user movements’ traces. Then, in

the next section, the effectiveness of this model is illustrated by its usage in our routing

algorithm.

Consider a nodeX whose set of hubs isS . From our earlier work in [44] we have

verified thatX’s staying time at a hubh∈ S roughly follow a power law distribution with

exponentλX
h . After staying ath, X moves to another hubh′ ∈ S with hub transitional

probabilityβX
hh′ > 0. Obviously,

∑
h′ 6=h

βX
hh′ = 1, ∀h∈ S .

In the data set we analyzed in [44], we were unable to gather enough information about

the inter-hub transition time. Hence, in our model the time it takes forX to move from

h to h′ is assumed to be exponentially distributed with parameterλX
hh′ . This assumption

can be relaxed/changed when there is better experimental data on users’ mobility. The

model proposed in [77] can be used, for instance. The following analysis can easily

be modify to adopt the new and supposedly more correct distribution of hub transition

times.
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The movement pattern can be modeled with a Semi-Markov Chain (SMC) [68]

whose embedded Markov chain (EMC) has state space

IX = S ∪{(h,h′) | h,h′ ∈ S ,h 6= h′}.

Here, the states(h,h′) representX being on the move from hubh to hubh′. The sojourn

times at the “hub states”h are power-law distributed and the sojourn times at the “hub

transition states”(h,h′) are exponentially distributed. The transitional probabilitypX
i j of

the corresponding EMC can then be computed as

pX
i j =





βX
hh′ i = h and j = (h,h′)

1 i = (h,h′) and j = h′

0 otherwise,

wherei, j ∈ IX andh,h′ ∈ S ,h 6= h′. The states in this SMC when node X moves from

hubh to hubh′ are illustrated in Figure 8.1.
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Figure 8.1: States of Markov Chain for movements between hubsh andh′

Suppose we have all these SMCs modeling the movements of nodes within their

respective hub lists. Consider two nodesX andY whose hub sets areS andT respec-

tively. DefineR = S ∩T 6= /0. We would like to calculate the probability thatX meets

Y at some particular timet in the future witht sufficiently large (i.e., at equilibrium),

151



CHAPTER 8. THEORETICAL ANALYSIS 8.1. CONTACT PROBABILITY

and also the probability thatX meetsY at a particular hubh∈ R at timet.

Let IX and IY be the state spaces of the SMCs capturing the movements ofX and

Y, respectively. In order to track the relative positions ofX andY together, define a

SMC {Zt | t ≥ 0} which is the Cartesian product of the SMCs forX andY. For any

x∈ IX,y∈ IY, the sojourn time of the state(x,y) of Z has the distribution of the random

variable which is the minimum of the sojourn times ofx andy. Since the sojourn times

at x and y are either exponential or power-law with known parameters, it is easy to

compute the distribution of the sojourn time at(x,y). We omit the detailed formulae,

which come from relatively simple exercises.

The corresponding EMC of(Zt) has state spaceI = IX × IY. To characterize this

process, we need to compute the jumping probabilities from a state(i1, i′1) to another

state(i2, i′2), where eitheri1 = i2 or i′1 = i′2. (With probability zero the two chains forX

andY jumps at the same time.) Consider any state(i, i′). If the sojourn timeTi at statei

of X is smaller than the sojourn timeTi′ at statei′ of Y, then with probabilitypX
i j the chain

moves to state( j, i′), for some j ∈ IX. Conversely, ifTi > Ti′ , then the chain moves to

state(i, j ′), for somej ′ ∈ IY. Consequently, we can compute the jumping probabilities

of the EMC for(Zt) by conditioning on the event{Ti > Ti′} and its complement. Again,

we omit the detail case-by-case formulae.

The states ofX andY can be assumed to be overlapping. (If the states are not

overlapping,X andY will never meet.) The EMC of the Cartesian-product SMC as

defined above is ergodic as long as the EMC forX andY are ergodic (under most nor-

mal circumstances, otherwise we can disturb the chain by adding a few transitions with

infinitesimal probabilities). In this case, we can easily compute the occupancy probabil-

ities at equilibrium of any state(i, j) of the product chain by solving for the stationary

distributions of the EMCs ofX andY. We are interested in only the occupancy proba-

bilities πXY(h,h) of the states(h,h) whereh∈ R . This is precisely the probability that
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X meetsY in h at equilibrium. Finally, the probability thatX meetsY at equilibrium is

the sum ofπXY
h,h over allh∈ R .

SupposeX holds a packet it would like to transmit to a downstream neighbor to-

wards a destination. It cannot hold the packet forever due to limited buffer size (and

possibly delay requirements). Some routing strategy may requireX to try its best to

deliver the packet to (some of) the best neighbor(s) within a pre-defined time interval

T. Consequently, given a time intervalT and given thatX is in some hubh∈ R , we are

also interested in the probability thatY will be in h within T. Computing this probability

is the same as computing the densities of the hitting times of the SMC corresponding to

Y (probability thatY hits h given some initial distribution). There is no known general

formula. Computationally however, there are methods to compute these densities using

Laplace transforms [59] for larger chains or uniformization [20] for smaller chains.

8.2 A Routing Problem in Probabilistic Graphs

In this section, we will rigorously formulate this problem. A good solution to this

problem can be used to devise provably (near) optimal solution to the probabilistic

routing problem. Moreover, it can also be used as a benchmark to compare probabilistic

routing protocols in the literature.

Define a directed graphG = (V,E) whose vertices represent nodes in the network

under consideration. For each pair of nodesu andv, let p(u,v) denote the probability of

u being able to deliver a data packet tov given some practical constraint(s) and/or some

mobility model for nodes’ movements in the network. For simplicity, we assume that all

these contact probabilities are independent. If not, the problem becomes too complex

to be useful. This assumption is not too restrictive, as we will demonstrate with our

routing protocol in a later section.

(Note that, in this section we are not yet concerned about the question of how to
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computep(u,v). The problem of computing the contact probabilities is orthogonal to the

routing problem on random graphs that we are formulating. In a later section, we will

present a model for estimating these probabilities.)

The edges ofG are precisely those pairse = (u,v) for which pe > 0. Consider a

sources and a destinationt in G, and the problem of finding the best way to deliver a

packet froms to t in the network. The obvious objective is to maximize the delivery

probability of the packet. A broadcast (epidemic-like) routing algorithm seems to be

best in terms of maximizing the delivery probability; however, broadcasting imposes

a high cost in terms of data and processing overhead. It is thus natural to formulate a

problem investigating the tradeoff between delivery probability and overhead.

Consider any routing algorithm/protocolA run by all nodes in the network. Let

G[A] = (V,EA) denote the subgraph ofG induced byA, i.e. (u,v) is an edge ofG[A]

if there is a possibility thatu delivers a packet tov underA. For instance, ifA is a

naive broadcast strategy where each node delivers a packet it receives to all nodes it

meets within a time intervalT, then(u,v) is an edge ofG[A] if the probability thatu

meetsv within T is positive. We will refer toG[A] as thedelivery subgraphinduced

by A. Note thatG[A] along with the probabilitiespe,e∈ EA define a probability space

of random graphs (the Erdős-Ŕenyi modelG(n,{pu,v}) [21]). The probability thatA

successfully delivers a packet froms to t is the probability that there is a (directed)

path froms to t in a random graphH chosen from this space. This probability is often

denoted byConn2(G[A]) (or Rel2(G[A]) for undirected graphs) in the network reliability

literature [37]. The notation implicitly assumes the sources and the destinationt to be

known in advance. Also in this literature,G[A] is called aprobabilistic graph, so isG

for that matter.

To this end, we haveConn2(G[A]) as the objective function of our problem. We

next define the constraints. As we have mentioned earlier, the key to the problem is the
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tradeoff between delivery probability and the data overhead. The maximum number of

packets thatA could produce is precisely the number of edges ofG[A]. Thus, a very

natural constraint to our optimization problem is to give a thresholdk on the number of

edges ofG[A].

To summarize, the centralized version of our problem can be formulated as follows.

We are given a probabilistic graphG, i.e. a graph along with a probability function

p : E(G) → [0,1], wherepe represents the probability that a packet can be delivered

along edgee at a random point in time. The problem is to choose a delivery subgraph

G[A] of G with at mostk edges, such that the probabilityConn2(G[A]) that there is a path

from s to t in a graphH chosen randomly from the probability space defined byG[A] is

maximized. To the best of our knowledge, this problem and its complexity has not been

addressed in the literature. Also, there is the corresponding distributed version of the

problem where the delivery subgraphG[A] is to be constructed distributively, yielding a

routing protocol.

In this chapter, we will present a practical solution to this problem in the context

of ICMAN, involving the following steps: (a) proving the hardness of our optimization

problem and the hardness of computing the objective functionConn2(G[A]) (the hard-

ness ofConn2(G[A]) is well-known, but that does not imply the hardness of the op-

timization problem); (b) giving an algorithm to approximateConn2(G[A]); (c) devising

a mobility model to estimate the contact probabilitiespe; and (d) designing a routing

protocol for the problem based on the contact probabilities computed in step (c) and

insights obtained from step (a), and showing the protocol’s effectiveness by comparing

it with other protocols for probabilistic routing.

Remark: if we also consider using Erasure Codes [114] for dada transmission, we

can add an additional constraint in terms of the code rate, keeping the objective function

the same. Some previous work on routing in DTN has considered this dimension [91,
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131].

8.3 Complexity of the Routing Problem

In this section, we will investigate the complexity of the problem defined in Section 8.2.

The problem is to find a subgraphG[A] of G so thatRel2(G[A]) is maximized.

Unfortunately, computing the connectedness probability in a random graph is very

hard (even for graphs with bounded degree like in our case). There is a vast literature

on this problem. In the probabilistic sense, for example, Chapter 7 of [21] contains a

partial set of references. It is unlikely that this probability is a simple function [80]. In

the computational complexity sense, the problem is #P-Hard, as it is precisely the well-

known reliability problem for two terminals [37]. A minor point: whenG is directed, the

problem is often referred to as thes,t-connectedness problem denoted byConn2(G). In

the classic paper [129] Valiant was the first to establish that bothRel2(G) andConn2(G)

are #P-complete [70].

The optimization problem, however, may not be hard even though computing the

objective function is hard. This point is a little bit subtle. Given an integera, computing

the functionf (a) = 2a! takes exponential time; yet, the optimization problem of finding

which membera of a setA of integers has the largestf (a) has the same complexity as

sorting.

(p_2)

e_k

ts

...

e_1
(p_1) (p_k)

D

e_3
(p_3)

e_2

Figure 8.2: Construction of G for proving the #P-hardness of maximizings,t-
connectedness problem in random graphs
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To this end, we consider the optimization problem of finding a delivery subgraph

D = G[A] with at mostk edges which maximizesConn2(D). We will show that1

Theorem 8.3.1 The routing problem on random graph is #P-hard.

Proof: We will reduce the2-terminal connectivity problem (Conn2) itself to our

problem. Consider a generic instance ofConn2 where we are given a directed graph

D = (V,E) along with a sources, a destinationt, and all the edge probabilitiespi j .

The problem is to compute the probabilityConn2(D) that there is a path forms to t

in a random graph chosen from the probability space defined byD. Note that allpi j

are rational numbers represented by a numerator and a denominator which are integers.

Let c be the least common multiple of all the denominators, then the number of bits to

representc (i.e. log2c) is certainly polynomial in the input size.

Consequently, if we have a procedure to decide ifConn2(D) ≤ c′/c for any integer

c′ ≤ c, then we can computeConn2(D) by a simple binary search. We will prove that an

algorithm solving our optimization problem can be used to decide ifConn2(D)≤ c′/c.

Construct a graphG as shown in figure 8.2, where the upper part isD itself, and the

lower part is a simple path froms to t consisting of exactlyk = |E(D)| edges. The edge

probabilities of the upper part is the same as those ofD. The edge probabilities of the

edgese1, . . . ,ek of the lower part is chosen so thatp1 · pk = c′/c+ ε, whereε < 1/c.

Our optimization problem is to compute a subgraphH of G with |E(H)| ≤ k so that

Conn2(H) is maximized.

Let A be any algorithm solving our problem. It is easy to see thatA will either

return the upper part or the lower part ofG. If A does return the lower part, then

Conn2(D) > c′/c; otherwise,Conn2(D) ≤ c′/c+ ε. But, by the wayc was chosen,

Conn2(D) is exactly a multiple of1/c; hence,A returning the upper part implies that

Conn2(D)≤ c′/c. Consequently,A can be used to decide ifConn2(D)≤ c′/c, implying

1We thank Prof. Charles Colbourn for fruitful discussions leading to this proof.
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that our problem is at least as hard asConn2 by the analysis above. ¥

Given this negative result, one can envision two general approaches:

1. Find a polynomial-time computable functionp(G[A]) to approximateConn2(G[A])

well. Then, devise an algorithmA that maximizesp(G[A]). Note that,p(G[A])

can also be used to compare the outputs of different routing algorithms; thus, it

is useful in its own right whether or not we can devise an algorithm optimizing

p(G[A]).

2. Find a routing strategy (heuristic)A for which Conn2(G[A]) can be reasonably

computed or estimated.

In the following sections, we present our results on both approaches.

8.4 Approximation Algorithm for Computation of De-

livery Probability

In the light of the discussion in the previous section, we propose an approximation

algorithm for computing the delivery probability from sources to destinationd in a

network that is modeled as mentioned before: a directed graphG = (V,E), where edge

e exists between two nodesu andv with probability pe(u,v) = contact probabilityof

u and v, as shown in Figure 8.3(a). First, we construct another graphGk = (V,Ek)

from the graphG by having each node (starting froms onwards) choose at mostk

edges to downstream neighbors, and deleting all other edges not chosen, as shown in

Figure 8.3(b). Second, we modify the weight of each edge inGk to be we = −1∗
log(pe(u,v)) for all nodesu andv, and call this new graph asG′k. Third, we construct a

shortest path treeGsp = (V,Esp) from G′k as shown in Figure 8.3(c), and assign a level
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Figure 8.3: Steps in preparing a network graph for the application of Approximation
Algorithm 1

number to each node in a breadth first manner. Fourth, we replace the weight of each

edgewe in Gsp with pe(u,v), as in the original graphG. Finally, we addspecial edges

(dotted edges in Figure 8.3(d)) between any nodev and destinationd in graphGsp that

were connected by an edgee∈ E in the original graphG, to get ourdelivery subgraph

G′ = (V,E′).

Let Pd(u,v) denote the delivery probability of nodeu to nodev. We apply our

Algorithm 1 to this graphG′ starting with any nodeu 6= d with maximum assigned level

number, to obtain the delivery probabilityPd(s,d) of the sources to the destinationd.

For each chosen nodeu, we consider all outgoing edges fromu to nodesv1,v2, ...vk say,

and get a list of probabilitiesp1, p2, ...pk, wherepi = we(u,vi)∗Pd(vi ,d). Then, we can
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compute the delivery probability fromu to d as

Pd(u,d) = 1−Πk
1(1− pi)

This process is repeated with decreasing level numbers till nodes is reached, and the

required probabilityPd(s,d) is computed.

Algorithm 1 : Approximation of Delivery Probability
1: Input←G = (V,E),s,d
2: Pd(d,d)← 1
3: L← maximum assigned level number
4: while L≥ 1 do
5: for all u∈V,u 6= d with assigned level numberL do
6: i ← 1
7: for all outgoing edgee∈ E from u do
8: v← head of edgee
9: p← weight of edgee * Pd(v,d)

10: P[i]← p
11: i ← i +1
12: end for
13: p1← 1
14: for j ← 1 to (i−1) do
15: p2← 1−P[ j]
16: p1← p1∗ p2
17: end for
18: Pd(u,d)← 1− p1
19: if u = s then
20: print Pd(s,d)
21: exit
22: end if
23: end for
24: L← L−1
25: end while

The optimal approach for computing the delivery probability from a sources to a

destinationd would include the following steps:

1. Calculate all possible paths froms to d
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2. Apply Algorithm 2 to compute the delivery probability by rules of inclusion and

exclusion

Algorithm 2 : Optimal computation of Delivery Probability
1: Input← All pathsPATH1,PATH2, ... from s to d
2: m← total number of paths
3: Pd(s,d)← 0
4: for n← 1 to m do
5: coefficient← (−1)n−1

6: for start← 1 to m do
7: All edges are un-marked
8: for path-index← start to (start+n−1) modulon do
9: Mark all edges in pathPATHpath−index

10: end for
11: term← product of all probabilities of marked edges
12: Pd(s,d)← Pd(s,d)+ (coefficient*term)
13: if n = m then
14: break
15: end if
16: end for
17: end for
18: print Pd(s,d)

We simulated using Matlab [66] a small directed graph with25 nodes with a given dis-

tribution of pair-wise contact probabilitiespe(u,v) to evaluate the performance of our

suggested approximation algorithm in comparison to the optimal algorithm. We chose

12 distinct source-destination{s,d} pairs and only computed the delivery probabilities

Pd(s,d) through the two algorithms, without sending any actual traffic. Figure 8.4(a)

shows the results of our simulation runs where our approximation algorithm is seen to

perform within88% of the optimal algorithm on an average. For each{s,d} pair, we

further simulated for20 different pair-wise contact probability matrices. Figure 8.4(b)

shows the relative performance of the approximation algorithm with respect to the op-

timal algorithm for each{s,d} pair, averaged over all the runs with different contact

probability matrices for that{s,d} pair. Once again we find our approximation algo-

rithm to perform within85%to 90%of the optimal solution.
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8.5 Edge Constrained SOLAR Heuristic

In this section, we present a Sociological Orbit aware Location Approximation and

Routing (SOLAR) heuristic that makes use of mobility profile and hub transitional prob-

ability based computations for contact and delivery probability.

8.5.1 Edge-Constrained SOLAR-KSP

We chose our Static SOLAR KSP (S-SOLAR-KSP) algorithm proposed in [45] to form

the base of this heuristic, with some additional modifications. In general, in this version

of user-level routing protocol SOLAR-KSP, we assume that each user knows of every

other user’s mobility profiles and each user distributively does the following: First,

every user computes thecontact probabilitywith every other user. In this work, we

compute these probabilities based on the simulated mobility traces, as opposed to other

various ways suggested in [65,74,88,121] for example. Second, we represent the con-

tact information between all users as a complete weighted graphG = (V,E), whereV
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is the set of all the users, andE is the set of weighted edges between every pair of

users that have at least one hub in common. LetP(u,v) be the contact probability of

usersu and v. Then the weight of edge(u,v) is given byw(u,v) = log(1/P(u,v)).

Now whenever a source users has a packet to forward to destination userd, it applies

the Algorithm 3 on the weighted graph to find a delivery subgraph tod that has at most

L(≤ |E|) edges. In other words,s iteratively uses Dijsktra’s Shortest Path algorithm [41]

to find the shortest path froms to d. In a single iteration, if the number of new edges

encountered on the shortest path (that are not already in the delivery subgraph formed

so far) is less than the remaining number of edges allowed under the edge constraint,

then those edges are added to the delivery subgraph and the edge constraint parameter

is adjusted accordingly. Also, to ensure that a new path is formed in the next iteration,

the lowest weighted edge in the shortest path is deleted from the working graph. This

algorithm terminates either if the working graph is exhausted, or if no more path ex-

ists betweens andd, or if the edge constraint is met. Once this delivery subgraph is

obtained, the source inserts this additional information into the header of all the pack-

ets and waits for all the next hop neighbors on all paths to appear. The intermediary

users keep forwarding in accordance with this delivery subgraph till the destination is

reached. We shall refer to this edge constrained SOLAR version asEC-SOLAR-KSP.

8.5.2 Performance Comparison Results

We compare the performance of EC-SOLAR-KSP with that of a probabilistic routing

(referred to here asPROB-ROUTE) based on [93] and Epidemic Routing (referred to

asEPIDEMIC ) [128]. In PROB-ROUTE, users each go through the “initialization”

phase whenever they meet another user, where upon their contact probability is up-

dated. When a pair of user do not meet for long, their corresponding contact probability

is “aged”. Also when a source has a packet to send to a destination it may calculate
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Algorithm 3 : Edge constrained delivery subgraph
1: Input← Complete weighted graphG = (V,E),

Edge constraintL, sources, destinationd
2: DSG= (V ′,E′)← initial delivery subgraph

with V ′←V andE′← NULL
3: while |E| do
4: apply Dijkstra’s Shortest Path algorithm [41]

to find shortest path froms to d i.e.,SPs,d

5: if SPs,d == NULL then
6: returnDSG
7: end if
8: if |{e | e∈ SPs,d, e /∈ E′}| ≤ L then
9: L← L − |{e | e∈ SPs,d, e /∈ E′}|

10: E′← E′
S {e | e∈ SPs,d, e /∈ E′}

11: end if
12: if L == 0 then
13: returnDSG
14: end if
15: E← E− the edge inSPs,d with least weight
16: end while
17: returnDSG

transitional probability through other users. The reader is referred to [93] for the de-

tailed description and equations. In our implementation of PROB-ROUTE we used a

value of0.5 for all three parametersPinit , γ, andβ, and allowed each user to forward a

copy of a packet to at most3 different neighbors with higher delivery predictability. We

consider3 variations of EC-SOLAR-KSP as well:EC-SOLAR-KSP1 with L = |E|,
EC-SOLAR-KSP2 with L = 0.8∗ |E|, andEC-SOLAR-KSP3 with L = 0.6∗ |E|.

For simulation, we consider an ICMAN built within a campus consisting of several

buildings (hubs) in accordance with the findings from our study [44] of an year long

wireless users’ mobility traces on ETH Zurich campus. In the Probabilistic Orbit model

simulated, the users spend most of their time within a number of hubs, and intermittently

move between hubs. To model realistic speeds of mobile users within such a network,

we consider the work in [78,134] and fix the Inter-Hub and Intra-Hub time/speed para-
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meters, along with the other simulation parameters and their default values or range of

values as shown in Table 7.1. In this work, we only present the protocol performances

with a varying number of users as it is a significant factor in ICMAN settings, but we

do study other variations as indicated in Table 8.1 which yield similar results.

Table 8.1: Simulation Parameters for EC-SOLAR-KSP Performance Comparison
GENERAL PARAMETERS
Simulation Duration (each run) 3000s
Terrain Size 1000m x 1000m
Number of Nodes (Users) Vary, (Default= 100)
Radio Range 125m
Cache Size Vary, (Default= 200 Packets)
Cache Timeout Vary, (Default= 400s)
MAC Protocol IEEE 802.11
Mobility Model Probabilistic Orbit

ORBIT PARAMETERS
Total Hubs Vary, (Default= 15)
Hub Size 50m x 50m
Hub Stay Time Power Law (Mean=106/x3)
Hub List Timeout None
Hub List Size Power Law (Mean=0.7/x2, 1 to Total Hubs)
Inter-Hub Transition Time Exponential (Mean= 40s)
Intra-Hub Pause 1s
Intra-Hub Speed 1m/s-10m/s

TRAFFIC PARAMETERS
CBR connections 30 (120 packets each) Random
Data Payload 1460 bytes per packet

We chose2 metrics to evaluate the performance of each protocol:data throughput

= (data packets delivered)/(data packets generated); andnetwork byte overhead= (total

bytes transmitted)/(total data packets delivered);

As seen in Figure 8.5(a), EC-SOLAR-KSP1 performs the best closely followed by

PROB-ROUTE. Since EC-SOLAR-KSP1 has the additional knowledge of mobility pro-

file based network connectivity, it is able to compute the delivery probability via neigh-

bors it has not met yet, unlike PROB-ROUTE where users have to meet at least once
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to update their initial contact probability. EC-SOLAR-KSP2 and EC-SOLAR-KSP3

have decreasing performances because of their increasing edge constraints. Epidemic

performs the worst in the face of limited buffer. Also the fact that these results are

observed within a limited time of3000s takes its toll on EPIDEMIC, which is capable

of “eventually” delivering all packets if time is not a constraint. Overall, all proto-

cols do well with increasing number of users as it helps in finding a larger number

of deliverable paths from source to destination. Figure 8.5(b) is not able to show the

results for EPIDEMIC which has alarmingly large overhead. Amongst the rest, PROB-

ROUTE incurs maximum overhead due to its arbitrary forwarding to neighbors just on

the basis of larger delivery predictability. EC-SOLAR-KSP1 has lower overhead than

PROB-ROUTE as it only forwards within the edge constrained delivery subgraph. The

overhead in EC-SOLAR-KSP2 and EC-SOLAR-KSP3 is seen to decrease due to their

increasing edge constraints. Overall, this “edge constraint” parameter gives us a good

handle to a tradeoff between the desired throughput and the corresponding overhead.
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8.6 Summary

Mobility of wireless users poses as one of the main challenges in effective routing of

packets in any mobile wireless network. The added constraint of intermittent connec-

tivity makes it even more difficult to employ traditional reactive protocols well suited

for general Mobile Ad hoc Networks (MANET). Literature suggests several protocols

based on the concepts outlined in [121, 128] which aims to infuse information within

a network like an epidemic. Others [67, 84, 93] studied network characteristics and

proposed probabilistic routing techniques. At the same time, profiling wireless users

based on their mobility has also been proven beneficial to routing. The suggested ap-

proaches to profiling [85,120] have however varied, as well as the details of the mobility

information required. In our previous work [44] we too established a mobility profil-

ing framework based on the sociological influences on wireless users’ movements and

further demonstrated its use in probabilistic routing within Intermittently Connected

Mobile Ad hoc Networks (ICMAN) [45,52].

In this chapter, we have analyzed our probabilistic routing framework mathemati-

cally and provided some insight into the computational complexity of both the contact

probability and the delivery probability, that is used by our previously proposed routing

protocols [45,52]. We have presented a novel formulation of the routing problem as one

where given a random graph, we aim to find an optimal routing algorithm that will gen-

erate an optimal delivery subgraph so as to maximize the connectivity between a source

and destination pair. We have studied and analyzed the hardness of computing such an

optimal delivery subgraph given a graph and a routing algorithm. We then proposed

an elegant algorithm to approximate the delivery probability of a delivery subgraph and

presented its performance study in comparison with the optimal algorithm. We also pre-

sented a mathematical model for analyzing mobility and computing the pairwise user

contact probabilities. Finally, we proposed an edge-constrained routing algorithm EC-
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SOLAR-KSP which makes use of such contact probabilities and highlighted its novelty

and superiority over other probabilistic and epidemic routing approaches proposed in

literature to address the routing problem within intermittently connected wireless net-

works.
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Chapter 9

Concluding Remarks and Future

Direction

Mobility affects wireless network systems both adversely and favorably. The true under-

standing of the effects of mobility is the key to turning it into an advantage in improving

the network performance. Initial work on routing protocols within Mobile Ad hoc NET-

works (MANET) were not adequately aware of the impact of the underlying mobility

and hence struggled to cope with its adverse effects such as loss of links, network par-

tition, etc. The trend in the initial MANET routing protocols proposed in literature

suggested routing optimizations either to counter the effects of mobility, or to adapt to

it. We, on the other hand, study the effects of mobility itself in an effort to make it work

to our benefit in terms of routing decisions. While recent work on Delay Tolerant Net-

works (DTN) focuses more on deterministic mobility (e.g., satellites in orbits, busses

on fixed routes), we focus more on partially deterministic mobility under sociological

influences. We conclude this dissertation by summarizing its major contributions and

giving directions for future work.
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9.1 Major Contributions

In this research, we have investigated novel mobility aware routing strategies for mobile

wireless networks. Our major contributions lie in the design of soft distributed location

management, mobility profiling techniques, and mathematical model and analysis of

our proposed suite of routing protocols for various types of wireless networks.

Acquaintance based Soft Location Management:

In an initial attempt, we observe the basic property of mobility to encourage scattering

of nodes all over the network, and make use of it in a novel concept to build “acquain-

tances” that not only provide greater network scouting ability to an individual node, but

also help by maintaining a distributed database of location of acquaintances. We present

results that show the usefulness of acquaintances in both querying for destinations and

routing to them more efficiently and with much lower control overhead when compared

to conventional routing strategies.

Hierarchical ORBIT Framework and ORBIT Based Routing :

Appropriate analysis and subsequent modeling of node mobility poses as the main chal-

lenge in evaluating routing protocol performance. To this end, literature has proposed

several entity, group and scenario based mobility models. While some of them cater to

short term networks (disasters, military, etc.), others model detailed scenarios. How-

ever, there is no model that captures the realistic orbital movement pattern found in our

society. Thus, we proposed a novel framework called ORBIT based on intuitive ob-

servations on the sociological influences on wireless users’ movement that is practical,

general and useful. Moreover, it identifies with sociological orbits, and is also able to

integrate different mobility models into a single framework. We generate several prac-

tical mobility models via the framework and present their analysis. We also design an

example Orbit Based Routing (OBR) protocol that is among the first to effectively lever-

age mobility information for routing packets within a MANET. In particular, we study
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various versions of this protocol to exhaustively compare different packet transmission

strategies (e.g., unicast, multicast, simulcast).

Profiling Mobility and Location Predictions :

To validate our ORBIT framework and its associated sociological assumptions, we an-

alyze an year long mobility trace data obtained as access point (AP) system logs from

the ETH Zurich campus. In our analysis of the data involving around13,000 users,

500 APs, and42 buildings we present conclusive proof that each wireless user has a

socially influenced list of places (or, hubs) that he/she visits in a regular fashion. Al-

though current literature provides similar analytical work on mobility trace data, ours is

the first to focus on the sociological influences on the user level movement at a higher

layer of abstraction (i.e., hub level movement and prediction). We propose a novel mo-

bility profiling technique using the Mixture of Bernoulli’s distribution to parse sporadic

mobility trace data and cluster them in a probabilistic mixture of mobility profiles. We

present strong results to show the advantage of using such profiles to perform hub level

location predictions (under different scenarios) with10%to 30%more accuracy than a

straightforward statistic based prediction strategy.

Using Mobility Profiles for Routing :

Based on our analytical study and our mobility profiling tool, we propose a novel suit

of Sociological Orbit aware Location Approximation and Routing (SOLAR) protocols

for MANET. These protocols extend upon the distributed location management based

on acquaintances, but replace the user location information with the user mobility pro-

file information. Simulation study shows that profiles can be beneficial to routing in

improving performance within MANET without incurring higher protocol overhead.

We also study routing issues within Intermittently Connected Mobile Ad hoc Networks

(ICMAN) and propose a novel hub-based routing strategy that leverages upon the des-

tination’s mobility profile information and delivers packets to the hubs of destination
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instead of to the destination itself. We compare the performance of this strategy with

two other user-based routing strategies based on pair-wise user contact probabilities

that is also proposed. Although there has been related work in Delay Tolerant Networks

(DTN) that uses the concept of contact and delivery probabilities to route messages, we

differ in the process of computing these probabilities, where once more the mobility

profiles are used most efficiently.

Formulating and Analyzing a Routing Problem for Probabilistic Graphs:

We defined a novel routing problem formulation as follows. Given a probabilistic graph

G and routing algorithmA, we wish to determine a delivery subgraphG[A] of G with

at mostk edges, such that the probabilityConn2(G[A]) that there is a path from source

s to destinationt in a graphH chosen randomly from the probability space defined by

G[A] is maximized. To the best of our knowledge, this problem and its complexity has

not been addressed in the literature. Also, there is the corresponding distributed version

of the problem where the delivery subgraphG[A] is to be constructed distributively,

yielding a routing protocol.

In this work, our practical solution to this routing problem is multi-fold: First, we

model mobility using a Semi-Markov Chain to estimate the pairwise user contact proba-

bilities; Second, we prove the hardness of our optimization problem of finding a delivery

subgraph that maximizes the delivery probability and discuss the hardness of comput-

ing the objective functionConn2(G[A]) (which is not the hardness ofConn2(G[A]) it-

self); Third, we present an algorithm to approximateConn2(G[A]) and compare it with

an optimal algorithm; Fourth, we propose an edge-constrained routing protocol (EC-

SOLAR-KSP) for intermittently connected networks based on the contact probabilities

computed in the first step and insights obtained from the second step. We then highlight

the protocol’s novelty and effectiveness by comparing it with a probabilistic routing

protocol, and an epidemic routing protocol proposed in literature for intermittently con-
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nected networks.

9.2 Directions of Future Work

Although a significant amount of research work has been accomplished in the area of

mobility profiling and routing within mobile wireless networks, we have identified ad-

ditional topics based on our research that need further investigation. We list a summary

of these topics in this section.

Efficient Profiling Techniques:

Our proposed clustering algorithm based on a Mixture of Bernoulli’s distribution has

few shortcomings already discussed in Chapter 5, Section 5.4.3. On one hand, it cannot

differentiate between a “hub visit” and a “hub non-visit”. On the other hand, it has no

way of dynamically indicating profile changes in real time, which may be useful in

anomaly detection in network security.

It may be possible to explore other time series analysis tools to either extend upon

our clustering algorithm, or to devise a newer method to profile users. Whatever the

method, the two main profiling objectives are: represent apparently chaotic mobility

trace data by a probabilistic mixture of weighted hub lists; and given current profile

information and a run time sequence of hub visits, flag a change in the profile dynami-

cally.

Profile Exchange and Management:

Our method of mobility profile information dissemination was based on our novel con-

cept of acquaintances. However, there may be other more efficient ways to perform

the same task. The distribution and maintenance of profiles in our network obviously

may benefit from a large recent literature on distributed hash tables (DHT) or content-

addressable networks (CAN), such as in [38, 109, 110, 113, 122]. In our case, node IDs

may be keys and their profiles may be the corresponding values. However, there are
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several fundamental differences between maintaining a DHT in an Internet-based P2P

network and in a DTN network that needs to be carefully studied.

Another related topic is the caching of profile information and its lifetime. User

portable devices are most often constrained in buffer space. One can try and optimize

the replication of profile information and time them out from caches in an intelligent

way such that profile queries may be responded to within a lower bound on either the

number of hops the query has to go, or the number of total query packets that need to

be sent out.

Routing Problem Formulation:

In our proposed hub-level routing strategy (SOLAR-HUB) we try to route packets from

a user to a list of locations that may contain the destination with varying probabilities.

This can lay the groundwork for a more general and interesting routing problem formu-

lation where a user needs to send a packet to the hub containing the destination with

maximum reliability and minimum cost. Thus, this is not simple unicast or anycast,

because if the destination is not in the chosen hub, the packet needs to be rerouted to

another probable hub. It is not simple multicast where you can forward to all hubs in

destination’s hub list, or a broadcast to all hubs as it shall not be as cost efficient. Thus,

this scenario needs a newer type of forwarding mechanism, where the packet needs

to travel to hubs in some manner which can maximize the delivery probability while

minimizing the number of packet transmissions required.

Our analytical results show the problem of finding a directed delivery subgraph that

maximizes thes,t-connectedness in it to be #P-hard, and we propose approximation

algorithm to compute the delivery probability. Now, we also need more research into

developing an optimal routing algorithm that can generate a delivery subgraph which

will maximize the delivery probability.
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