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Abstract— Recently, researchers have discovered that many whose connectivities are much larger than that of an average

of social, natural and biological networks are characterizd by
scale-free power-law connectivity distribution and a few densely
populated nodes, known ashubs. We envision that wireless
communication or sensor networks are directly deployed ove
such real-world networks to facilitate communication amorg
participating entities. Here nodes move in such a way that tay
exhibit scale-free connectivity distribution at any instance, which
cannot be modeled by most of the prior mobility models such
as random waypoint (RWP) mobility model. This paper proposes
clustered mobility model (CMM), which facilitates in forming hubs
in a network satisfying the scale-free property. We call th§ a
scale-free wireless network (SFWN). In CMM, it is possible to
control the degree of node concentration or non-homogensitto
easily assess the strengths and weaknesses of the scale-frhe-
nomena. To the best of the authors’ knowledge, there has beem
such mobility model reported in the literature and we beliewe the
proposed CMM can be usefully used to investigate the propeigs
of the SFWNs that are likely to occur in a real deployment
of wireless multihop and sensor networks. Another importar
feature of CMM is that it does not possess any unintended spia
and temporal characteristics found in other mobility models such
as RWP. Finally, to highlight the difference between a SFWN ad
a conventional wireless network, extensive simulation stly has
been conducted to measure network capacities at the physica
link and network layers.

Index Terms— Connectivity distribution, mobility model, net-
work capacity, random waypoint mobility, scale-free wireless
networks.

|I. INTRODUCTION

Recently there has been considerable interest in the stauc

node [2].

Scale-free networks have been observed in many real-world
scenarios and a communication network is often desired over
such scenarios to facilitate communication among pagtaig
entities. In such a network, nodes do not move randomly but
follow the scale-free pattern. In other words, at any instan
connectivity distribution of nodes is scale-free, thus \a# it
a Scale-Free Wireless Network (SFWN). This motivated us to
consider how to model such node mobility and how it affects
the network behavior. The adverse impact of hub nodes on
network performance has been addressed recently [5], [6].
Kawadia and Kumar [5] noted the performance degradation
due to non-homogeneous distribution of nodes and proposed
CLUSTERPOW and MINPOW algorithms to mitigate the
problem. Wang and Li [6] pointed out the possibility of
node concentration and focused on the corresponding nletwor
partition problem. In [7], network performance degradesoal
observed due to hubs because nodes in their vicinity experi-
ence excessive contention, congestion and resource ideplet
and thus they become the bottlenecks in the network. However
none of these research pays attention to how hub nodes are
created, how to model them and what is the fundamental
impact on network performance.

This paper proposes a novel mobility model, cal@dis-
tered Mobility Model (CMM), where nodes tend to move closer
{o highly connected nodes, resulting in node clusteringiado

and dynamics of large complex networks found in naturdjuPs and thus a SFWN. This is a clear contrast to conventional
technological and social networks [1], [2]. Random gragjs [Fandom mobility models such aandom Waypoint (RWP)

are often used to model such complex networks. Howev
real-life network$ have consistently shown that their topolo
gies deviate from uncorrelated random graphs in many réspd¥

[8], in which nodes are assumed to move randomly and thus
their locations are scattered almost uniformly across thigee
etwork area. To the best of the authors’ knowledge, these ha

[4]. New graph models, known asnall-world graph [1] and been no such study reported in the literature. It is impati@n

scale-free networks [2], have been suggested to capture th

pote that the CMM is designed to possess consistent steady-

correlation. The former is characterized by high degree Bfate mobility parameters. This is crucial in a simulatizrsed

clustering. A unique characteristic of the latter is sdabe
power-law connectivity distribution,e., the probabilityp;, that
a vertex hask connectivity is proportional té:—?, where 3
tends to fall between 2 and 3. It explains the existendaub$
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1They include electric power grid, the World Wide Web, theemet
backbone, collaboration and citation networks in the sifiencommunity,
and US airline connection networks.

study of mobile networks for correct evaluation of a system
or a protocol [9]. It has been discovered that conventional
mobility models such as RWP exhibit unintended spatial and
temporal characteristics. For example, node speed does not
reach steady state [10], [11], [12], [13], [9] and nodes &nd

to be cluttered at the center of the network as simulatioe tim
progresses [14], [15], [16], [9], [17], [11]. In CMM, a speti

care has been taken so that nodes do not show any biased,
unintended movement during the entire period of simulation



time. new node will be connected to a nodedepends on the
Using CMM, this paper reveals the performance implicatiotonnectivity k; of that node,i.e, p; = % [2]. It

of non-homogeneous node distribution in a SFWN in termgas shown analytically that these mechanisms lead to the

of network capacity. While network capacity is a fundaméntapower-law connectivity distributioni.e., pg, ki ~?, where

measure of a wireless network, previous studies have dealuap;,, denotes the probability that a node hasconnectivity

at one particular level, which may not accurately assess tl23]. For reasons not yet known, the value ®tends to fall

true performance of a network or a system. This paper defirtestween 2 and 3 [2].

it at all relevant layers in their abstract form (see Section An extended model has been introduced in [23], [24]

IV.A for definitions on PHY, MAC, and NET capacities) andto give a more realistic description of the local processes

investigate differences between a SFWN and a conventiogath asrewiring. It allows for some additional flexibility in

wireless network in terms of the three capacities. the formation of networks by removing links connected to
This paper is organized as follows. Section Il discussegrtain nodes and replacing them by new links in a way that

related work on scale-free networks in general and mobiligffectively amounts to a local type of re-shuffling conneasi

models developed for wireless ad hoc networks. Section [f4].

presents the proposed CMM that results in a SFWN. Sectiont js important to note that majority of small-world and

IV is devoted to the performance analysis of SFWNs angtale-free networks assunrelational graph model where
conventional wireless networks in terms of network caegit distance is measured only by graph itself. Wireless ad hoc

Section V concludes our work. networks as well as some real-life networks such as routers
of the Internet and transportation networks are embedded in
[l. BACKGROUND AND RELATED WORK physical Euclidean space and possess a geography in additio

This section discusses several ingredients in developiify their topology. The spatial location of nodes and their
CMM and characterizing SFWNs. First of all, Section Il.A ingeographical proximity completely determines the corimect
troduces recent studies on small-world and scale-freearkv ity among the nodes [25], [26], [4]. In this type spatial
in general sense. It also discusses recent studypaiial scale- graphs, two neighbors of a node have a better chance to be
free networks in which two nodes are considered connectedl neighbor with each other, which is not necessarily true in
when the Euclidean distance between the two is smaller th@fational graphs. Large connectivities are usually oigdiin
a cutoff distance. This is particularly interesting beeaits high density regions, calletub areas, and therefore, small-
directly translates to packet radio networks with finitenrla world graphs exhibit scale-free property or vice versaknli
mission range. Section II.B overviews previous research #nrelational graphs [26].
mobility as our focus in this paper is to develop a mobility
model that results in scale-free connectivity distribotion B. Steady-State Mobility Parameters
parnf:ular, " d|§cus§es W.hy steady-state mobility patanse This subsection discusses several mobility models prapose
are important in simulation-based research, and how nan- . . . .

”%i the literature and summarizes earlier work concerning

homogeneous node distribution arises and how it is modeled. S
stéady-state parameters and node concentration in those mo

A. Scale-Free Networks bility models.

Scientists have recently discovered that various complex1) Mobility Models: Mobility models can be divided into
networks such as Internet and social networks exhibit ifhdividual and group mobility models, where the difference
teresting topological properties not found in simple randolies whether or not the position and movement pattern of
networks. Watts and Strogatz [18] introduceahall-world & mobile host is independent of other nodes [27]. Random
graphs, which exhibits small world property as well as highyalk or Brownian Motion is an individual mobility model that
degrees of clustering. Barabasi and Albert [19] have stlidiemulates the erratic movement of various entities in nance
the World Wide Web and found that connectivity distributiom|so in wireless mobile networks [28]. Disadvantage of this
follows a power la#. It renders highly connected nodes omodel is that it results in sharp turns and sudden stops. RWP
hubs to have a large chance of occurring, which is unusualigs been proposed in [8] and overcomes the shortcomings
random networks. They call networks containing hstale-  of Random Walk model. Mobility models such Bfanhattan
free in the sense that some hubs have a seemingly unlimit@bility Model and Obstacle Mobility Model [27] are a step
connectivity and no node is typical of the othef$9]. forward towards realistic mobility model but their applidiity

A scale-free network has been explained with two geneii limited to some particular applications and the select
mechanismsincremental growth and preferential attachment  node destination and initial distribution is based on RWP.

[2]. As new nodes appear, they tend to connect to the moreangther interesting area of adding practicality in mojgilit
connected nodes. In other words, the probabilitythat a models is group mobility [6], [29], [30], wherein a group

2Heavy-tail power law distributions have recently been olmsg from many of nodes share a common mObIIIty pattern. Hoagal.

measurement studies of computer and communication systetrere the ProposedRandom Point Group Mobility model (RPGM) [6].
exponential distribution has been traditionally assumesl, network traffic ~ According to this model, each group has a logical center and
[20], I/O traffic, Unix process lifetime [21], and file sizes the Web [22]. the movement pattern of a Iogical center controls that of its
SExtremes on the other side are completely ordereg.,(mesh) or . . . . .
completely random networks. Statistical property in a lasteucture mirrors member nodes 'nCIUd'ng speed, direction, and acceletation

its global structure [18]. etc.



2) Temporal mobility parameter - Node speed: Recently,
researchers in the area of mobility model concentrate nigt on =
on developing realistic ones but also answering whether the
provide consistent steady-state mobility parametersnduri @N!_
simulation. Consider the RWP, for instance, where nodes A
repeat the pause-and-mobility cycles. Since the node speed SETY
chosen uniformly from [0}},...], We expect that the average S?E“‘\
node speed is‘% at steady state. However, it has been -
discovered that the RWP fails to provide a steady state nod
speed during simulation [10], [11], [12], [13]. In other vasr,
average node speed reaches zero as simulation progresses @
because when a node selects a very low speed iW,[Q.] o
it would continue to use the same speed without reaching g - ggr%e[g'f]t”(%‘;tﬁg - gznes’i(t";‘/”:ﬁ;fri%itg?f network. (jdRe team at
specified waypoint until the simulation ends. In the long,run '

more number of nodes get stuck with such situation and th

S, . .

the average node speed diminishes. A simple, although :‘l!%i“ decays rapidly as a fu.nct|on %f [18]' _In other words,
perfect, solution is to use non-zero minimum speed [9] Whié’v'th the random node locations, the majority of subareag hav
is ador;ted in CMM as explained in Section Ill ' similar number of nodes and significant deviations from the

3) Spatial mobility parameter - Node positions: More rel- average cases@., a subarea with a large fraction of nodes) is

evant to our research, it has been shown that RWP does ﬂ)élttremely rlare.tw K of bil d h th d
exhibit truly random spatial, topological properties [1H]5], .. n a real nétwork of moblie nodes, however, the node
[16], [9]. Royeret al. showed that average node connectivit istribution can_be very different from the Poisson dl_ssmbn.
changes over time in RWP and nodes are more concentrat éexampl_e, Figure 1(a) shows an example of a dlsaster_area
at the center of simulation area as time progresses [178 T ere the .|nfrastructure_-le§s ad hoc network is well suited
motivated them to proposRandom Direction mobility model or supporting communication. Many rescue team members
(RWP_D), where a mobile node selects a random directio%‘ther at three hub subareas, denoted as I, Il and Il in the
and speed and starts moving until it reaches the simulati ur‘ﬁj[hWh'Ch kr)nay be atba;seg gan 3%r r_\avle dmanty)/ C?St%alt'es'
boundary along that direction. Once the boundary is reach € three subareas out o : (= 36) include abou ©
the mobile node pauses for a specified time, then choo f of the total rescue tea_m ”.‘e“f‘be'fs (66 out O_f 137). _Flgure
another direction between (Or) and the process continues. 1. ) shows the node density distribution of the dlsasta_a are
However, many nodes following RWB are located at Figure 1(a) as well as that of the random node locations that

boundaries [11] while nodes following RWP tend to béollows the Poisson distribution. It is clear from Figureb)(

cluttered at the center of the network, either of which is n%l?at RWP does not model the node distribution of a real ad

intended and not desirable. We propose a simple modificati fiC hetwork S"“"?‘“O”- Even in th_e presence of node m0b|I|ty
that leads to a satisfactory node distribution even thotigtay ”9de concentration .WOUld persist because, for example in
not be realisticRandom waypoint with wrap-around mobility F|gu_re 1(a), a mobile n_odeué., a rescue team member)

model (RWP_WRAP). It follows the same movement as inleavmg a hub SUbaTea s most likely to move to anoth_er
RWP except that the network is wrap-around. RWRAP hub subarea. As evident in Figure 1(b), the corresponding

has been adopted in CMM and used as a reference mobili e distribution contains a heavy-tail unlike the Poisson
model for comparison purpose in Section IV distribution. It can be modeled by a power law distribution,

4) Spatial mobility parameter - Node density: One impor- which has been discussed in Section II-A. And, the main cause

tant observation in most of the mobility models discussed ﬁ'{ this phenomenon can be expla_lned using the prmmple of
the literature is that they all produce random locationsoafes preferential attachment also described in the same section
so that nodes are well balanced and scattered across the entiThe main question in this paper is therefore how to model

network area (except the unintended centering or bound& h a non-uniform no.de distribution. [32] explains methtml
effect mentioned above). génerate node clustering and results in a clustered distsib

Consider the spatial distribution of nodes in a networ’%f nodes, but it just generates node concentration forainiti

area with RWP. Assume that the entire area is divided inﬂ?de locations and does not include mobility.
a number of equal-sized subareas. Each node is positioned in
a particular subarea with independent probabilitywhich is ) ] N
the reciprocal of the number of subareas, The probability ThIS.SeCtIOH presents a new m0b|I.|t.y model for clustered
pr that a subarea has exactlynodes is given by thbinomial ~Scenarios termed as th@lustered Mobility Model (CMM).
distribution, p, = CP'ok(1 — ¢)"~*, wheren is the total We call a wireless multihop network &cale-Free Wreless

number of nodes. As a limiting case, this probability becem&ework (SFWN) when nodes follow CMM as their mobility

the well-known Poisson distribution p, = Zk;f where ; Pattern.

is the mean number of nodes in a subarea, which is eqfal Synthesis of CMM
to ny or . Both binomial and Poisson distributions are The model can be visualized to consist of two steps, the

strongly petaked about the mean and have a heavi-tail first being to generate the initial layout and the seconddein

-5~ Node placement of Fig. 2(a)
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the selection of waypoints to induce mobility. Pause times a Notations: _ _
node speed are selected as in RWIRAP. The difference lies i ° S“g’area in a network, where=0 i < s¢ (s is the total number of
' supareas).
in selecting the initial layout and waypoints. The two steps;: the number of nodes in the subarea
correspond tagrowth [2] and rewiring [23] [24] (see Section :: the probability that a node selects as a destination subarea.
[I-A), both of which are based on the pnnqplg of preferahti (A) Growth (initial layout):
attachment [2]. However, CMM applies it differently: The =  when a new node joins in the network, */
entire simulation area is logically divided into a number of for (/i = (I):i|<t Sihl ++) {I iy of sub /
. . * calculate the popularity of subareg *
subareas. Then, a node is attracted more to a highly pqpulate k; < subarea populaion of;:
subarea than to a sparse subarea. In other words, during both i+ .
the growth and rewiring step, a node, is attracted to a }

subareas; with a higher probability thars; if s; has more choose a destination subarea usings;
number of nodes thas}]- | choose a random position within the chosen subarea;

The fiI’S.t. step of CMM (growth) is to generate an initial /= when the network reaches the pre-determined number oés)ot
layout. Initially all subareas have no nodes, and therefore for (each hub area; such thatk; > %) {

t .
the probability of a subarea being assigned the next node is ~ /* calculate the steady-state population */
. ; . k] < subarea population of; at steady-statek((1 — &));
equal. But as a new node is assigned to a different subarea,}
its probability increases or decreases depending on tiseipre choose a destination subarea randomly for each of the ectlnddes;
number of nodes. For example if a subasedask; nodes choose a random position within the chosen subarea;

its probability, ¢;, is % where a is the clustering (g) Rewiring (mobility):

exponent. During the process, some subareas will have a /*when a node moves in the network, */
higher probability than others and will become the hub areas 3ve|t|ﬁ|cnt t?]esit_’atrﬁg‘i dt:ei?;it?onnﬂigaclhigggr?brg%ﬁjii;
Nodes are randomly located within the chosen subareas. The v '
growth process ends when all the pre-determined number of

nodes have been assigned subareas. The initial layout is fife2- The pseudo code of the CMM.

outcome of this process. Fingl;’s will be used in the next

step and won't be changed during the simulation. population of the subarea just after the growth step. The CMM

The secor]d step of CMM (rewiring) is to induce mObIIIty'ali;;orithm identifies a few hub subareas just after the growth
Each node is rewired from one subarea to another when fep eg. s;. And then, it reduces its populations fro to

- o S
repeats the pause-and-mobility cycles. A waypoint is $ed3bcki(1 —¢). Each of the excluded nodes is assigned one of the

by, first of all, choosing a subarea and then choosing a pasiti - : :
within that subarea. The choice of a subarea is based on 19 subareas randomly. The overall CMM algorithm is

the principle of preferential attachment usipgs. The node summarized in Fig. 2.

. ) L There are three additional issues to be noted. First, two
selects a speed, Wh'Ch.'S uniformly d_|str|buted be_twdé,gy,{, different interpretations of the preferential attachmengch-
Vinaz] @nd starts moving towards it. Heréd/,;, is set to

nonzero to achieve a steady-state node speed as discuss a@isnm, attracted to a node or to a subarea, are in fact not
. . y P § |Jy different in spatial graphs as explained in Sectiof. 1A
the previous section.

v . subarea with a hub node is essentially a hub subarea because a
It is important to note that the level of node concentration i o .
- ) ... large number of connectivity of a hub node directly traredat
the initial layout would be greatly reduced during the mibyil : o
L . .o _a large number of nodes in the proximity. Second, the
step. This is because nodes are not only rewired to waypoinis

. : . ) IZe of a subarea is carefully chosen so that a node in a
but also travel in between the waypoints. While waypoinés ar . .
Slabarea directly connects to most of the other nodes in the

cho_s_en based on the prefer(_enua_ll attachment mechanisre, n%’ame subarea but those in neighboring subareas may or may
position between the waypoints is considered random. A node

: . not connect depending on their locations in the correspandi
is randomly located in the network for some percentage of its °p g . .
o . ; SUbareas. This paper uses the transmit range of the radio
lifetime and located in a scale-free fashion for the resthef t . . .

. . o : . device {.e, 250m) as each side of a subarea. Third, two-step
time. We call this percentage aobility fraction, &, which

will play a key role to derive steady-state subarea popat process in the CMM algorithm may not produce a scale-free

However, how long does it take for the network to reach g%?wolr-lkoweczroggullrna:);?r?ntlr?ig m;'glglisutg I)?‘fgr]ea nrl?obbllillti%/
steady state with respect to the level of node concentration P X 9 pap y

’ : ; . .~ -model that induces node clustering in a controlled manner
Any simulation study associated with power-law distribng .
. . ther than one that strictly possesses the scale-freestyop
inherently possesses a similar convergence problem [33]. ... :
: : . . addition, the two-step process makes the analysis tyicta
Essentially, such simulations can take a very long time 10

. and makes it feasible to use with network simulator such as
reach steady state and can be very variable even at stea . .
: . ns<2 [34]. Since ns-2 does not support incremental network
state. In CMM, it means that the population of a hub subarea :
. : rowth and usually assumes that the number of nodes is pre-
decreases and that of a sparse subarea increases as simul gtermined

time progresses. Therefore, it is difficult to obtain steatije _

network performance in a reasonable amount of simulatih Analysis of CMM

time. Based on our analysis, the steady-state population ofig. 3 compares node distributions of CMMy (= 1.2
a dense subarea converges gl — ¢), wherek; is the and o« = 1.4) with RWP.WRAP. In fact, RWPWRAP is

) i
i — s, (kD)o




2750 . 2750F

2500 25001+
250" 2250
2000 2000+
1750 1750} 1
> 1500 > 15007
1250 120l
1000 1000},
7s0f 750

soo, 500f+, -

250f; T+ 250" -3
: R T A d ki
0 250 500 750 1000 1250 1500 1750 2000 2250 2500 2750 3000

@ RWP_WIXQAP (t=0) (b) CMM(1.2§ after growth (c) CMM(1.4)X after growth

0 250 500 750 1000 1250 1500 1750 2000 2250 2500 2750 3000 0 250 500 750 1000 1250 1500 1750 2000 2250 2500 2750 3000

2750
2500
225007
2000f"
1750}«
> 15007
1250f,;
1000(%
750}
500

250 ..

iy oY Gy e el
0 250 500 750 1000 1250 1500 1750 2000 2250 2500 2750 3000

X X X
(d) RWP.WRAP (t = 10,000) (e) CMM(1.2) at steady-state () CMM(1.4) at steady-state

Fig. 3. Node distributions in RWRVRAP and CMM models ¥ = 1,000, 5< v < 20.0 (m/sec), an@pause = 106 (sec))« is set to be 1.2 (CMM(1.2))
for (b) and (e) and 1.4 (CMM(1.4)) for (c) and (f). Subfigured, ((b), and (c) show the layouts before adjustment for gtstate. Subfigures (d), (e), and
(f) can be considered initial layouts after the steadyestatjustment.

0 250 500 750 1000 1250 1500 1750 2000 2250 2500 2750 3000 0 250 500 750 1000 1250 1500 1750 2000 2250 2500 2750 3000

considered a special case of CMM whenis zero. Total achievable capacity rather than the mechanism to achieve
number of nodes is assumed to be 1000 in the network aredatpfwe make several simplifying assumptions discussed in
300030002 and node speed is chosen from [5, 20]. Frometail later in this section. Section IV-A defines three @iya
Figs. 3(a) and (d), it would be safe to say that RMRAP measures and Section IV-B presents the comparison of SFWNs
provides random as well as consistent node distributiomdur and WNs, driven by CMM and RWRVRAP mobility models,
simulation. In CMM(1.2), the level of node concentration isespectively, via simulation.
higher in Flg. 3(b) than in Fig. 3(e), which are _before anﬂ. Capacity Measures
after the adjustment for steady state layout. In Figs. 3(d) a , i ,
(f), the same phenomenon is observed while nodes are monE’}efore presenting the network scenario and evaluation
cluttered than the case with — 1.2. results, we define three capacity measures for use in the
Now, consider the rewiring step of CMM. It produces glmulatlon. The_y arePHY (neareﬂ_ one-hop) <_:apaC|ty, MAC
combination of random and scale-free networks as mentior@§€NoP) capacity, andNET (mult h_op? capacity.
earlier in the previous subsection. Mobility fracticp,which ) PHY (nearest one-hop) Capacity: PHY capacity mea-
was defined as the fraction of time a node moves during f&r€S how much traffic the network can support without regard
lifetime, is used to elaborate more in this regard. Higher 1o te sender-receiver distance. According to Grossgiare
node speed, lower the mobility fraction. And, smaller thege Tse [35], the network capacity is constrained by the mutual
time, lower the mobility fraction. Note that network sizsa!l interference of concurrent transmission between nodesaut
affects the mobility fraction because a node moves for adon e maximized by a'_'O,Ca“”Q the channel resource to the rjode
duration of time to reach a destination in a larger netwodk, Ftat can best exploit it, which encourages in communication
example, consider an example network where a node chooB8LVeen nearest neighbors. Multiple communications can ha
its speed from [5, 20] m/sec and pauses for 60 secondsPf su_‘nultaneously as long as thegnal -to-interference rat!o
3000x3000m? network area. It is not difficult to show that(SIR) IS Iarg_er than a certain threshold, calleapture rat|_o i
average internodal distance is about 1148m (remember it |£3§] Since signal strength greatly depends on commumioati

wrap-around network) and that average move time is about 19/§/211C€: @ transmission between nearest neighbors oanesur

seconds. Since pause time is 60 secoﬁds,ﬁo{ff% — 64%. with a high probability even in the presence of interfereimce

It can be interpreted that a node is randomly located in tHéTphrpmmlty. h ) f PHY ities: th
network for 64% §) of the time but located in a scale-free IS paper shows two versions o L capaqnes. t €
fashion for the rest of the time (36% br-¢). Here, we exclude number of successful concurrent transmissions using a fixed

an analysis of steady-state behavior due to space limitatio C2PtUre ratio (10 dB or 6 dB) and the sum of achievable
y y P throughput. For the latter, achievable throughput of eath |

is computed based on the Shannon’s theorem. In other words,
maximum achievable link capacity is calculatediEdog(1 +

This section presents several capacity measures thatgroww/R), whereW is the link bandwidth.
in-depth information about the network capability and mike 2) MAC (one-hop) Capacity: While nearest-neighbor com-
possible to prepare provisions to optimize the network apemunication is attractive with respect to PHY capacity, ratw
tion. Since our primary goal is to understand the maximuhayer protocols developed for multihop networks usuallyofa

IV. PERFORMANCEEVALUATION



farthest-neighbor communications as long as they are alo ©° o1

X RWP_WRAP X RWP_WRAP
—6-CMM(1.2) —6-CMM(1.2)

the direction of a final destination. In conventional carrie o x A Cum(La) 008 A Cum(La)
sense (CS) based MAC protocols, such as IEEE 802.11 D(go_OG
[37], the PHY capacity cannot be achievable due to carrit
sensing. When a node observes a carrier signal abov€3he £ °*
threshold, it holds up pending transmission requests to avoi o
collisions. In this paper, MAC capacity measures the numb . 0
of concurrent transmissions, each of which offers high& SI  ° * i ecomesy =~ Node Conneciviy

ility of
Probability of Nodes

I

than a fixed capture rati@g., 10dB, and communicates with (2) after growth (b) steady state

the farthest neighbor within the transmit range of a sender ]

A complete coordination is assumed so that mdden or « 5 RInap 5 Rup AP
exposed terminal [38] exists. Transmit power control (TPC) o8 - o e
[39][40] may help enhance the MAC capacity by allowing a s ) 4 08

node to adjust and optimize its radio transmit power to reacl 30_4 Cos
the receiver node but not more than that. A key benefit of TPC

schemes is energy conservation but it also reduces intaider
allowing more concurrent data transfers. We do not explore o . 0

0 20 40 60 80 100 0 20
Node Connectivity Node Connectivity

this issue in this paper and assumes that every node uses tiic (c) after growth (d) steady state

same transmit pOWer. Fig. 4. Node connectivity in RWRVRAP and CMM models ¥ = 1,000
3) NET (multihop) Capacity: The ultimate goal of a wire- % v < 20.0 (M/sec), andpquse = 106 (Sec)). T

less ad hoc network is to deliver packets to the desired

02 % 02

destination. NET capacity measures the robustness ofoplti  ** e weae]|
connections between a pair of nodes in the network. For ** o 0

100 100

node pairi and j, connectivity of the pair,x; ; is defined as
the minimum number of nodes that need to be removed
disconnect the pair. It has been shown tkaf is equal to

Capacity
®
S 3
Capacity
®
S

@
S

. . 40 40 &
the number of node-independent paths between the pair [4 o ol & R R
. . . . wwﬁ@g%&gg CMM(1.2)
ki,; 1S a direct measure of the resilience of the pair to nod | i -4
failure or node mobility. Also, it is considered a netwoek#| L Szgg(de,)m:g?y oo szgf(ute)r)nefg?y oo
a

forwarding capacity for the node pair because those maltipl
paths can simultaneously be utilized to deliver high volume o
of traffic as long as the source and the destination can susta Somiz
the traffic. e
Generally, a network is said to have connectivity if

removal of fewer tharnx nodes will not increase the number
of nodes of the connected network. It is also equivalentéo th

pairwise minimum of node-independent paths over all node *|® oo
pairs in the network [41]. Since computing such number for % 2% s a0 s % w0 om0 40 50

Sender Density Sender Density

a given network is known to be NP-hard, this paper uses an (©)

approximation a!gorithm _pre_sented in [41]. Accord_ing_ tp itFig. 5. PHY capacities in RWRVRAP and CMM models §/ = 1,000, 5

ki, can be obtained by finding the shortest path, finding they, < 20.0 (m/sec)Tpause = 106 (sec)). The path loss exponent is set to

next shortest path using the unused nodes, and so on, Uit for (a) and (c) and 3 for (b) and (d). Also, the captureoritiset to be

no further path exists for the node paiand ;. It is in fact 10 9B for (&) and (b) and 6 dB for (c) and (d).

a lower bound ofk; ;. This paper uses this value and takes

the minimum ofx; ;'s for all possible pairs to obtain the NETstep and Figs. 4(b) and (d) correspond to those at steatiy-sta

capacity. Figs. 4(a) and (b) show the probability of nodes that has the

corresponding connectivity and Figs. 4(c) and (d) show its

cumulative statistics. For RWW/RAP, steady-state data was
As in Section Ill, we use 1000 mobile nodes located in measured after executing the simulation for 10,000 seconds

3000x 3000m? rectangular area. Each node follows CMM oAs seen in the figure, RMWRAP demonstrates very different

RWP.WRAP with a maximum node speed of 20/s and a connectivity distribution than CMM, which clearly shows a

minimum node speed of 5:/s. The pause timel(,q..s.) IS heavy-tail as in Figs. 4(c) and (d). This heavy-tail expain

set to 106 seconds to make the mobility factor 50%. The radtee existence of hub subareas. Also, as expected, the heavy-

transmission range is assumed to be 250 tail of CMM is larger just after the growth step (Fig. 4(c))
Fig. 4 shows the node connectivity after the growth step awdmpared to that at steady state (Fig. 4(d)).

at steady-state. Nodes in hub subareas have been relooated Fig. 5 compares average PHY capacity of CMM(1.2) and

achieve the level of node concentration at steady-stags. FICMM(1.4) with RWP.WRAP. For this experiment, we need

4(a) and (c) correspond to the statistics just after the tironto determine thegpath loss exponent which is a key parameter

X RWP_WRAP

B. Performance Analysis



TABLE |

1000 1000

X RWP_WRAP X RWP_WRAP
~5-CMM(1.2) —o-CMM(1.2) x AVERAGE k.
800} | A~ CMM(1.4) 800} | —A— CMM(1.4) ey

[“mobility | RWPWRAP | CMM(1.2) | CMM(L.4) |
[~ | 15747626 | 12.799852] 11.868478]
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(a) path loss exponent = 2 (b) path loss exponent = 3

Fig. 6. PHY link capacities in RWRVRAP and CMM models & = 1,000,
5 < v <20.0 (m/sec)Tpause = 106 (sec), and capture ratio = 10 dB).

Number of Node

0.2 X RWP_WRAP
2 20 -5-CMM(1.2)

X RWP_WRAP X RWP_WRAP Adix 4 £ CMM(1.4)
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Fig. 8. NET capacities in RWRVRAP and CMM models (¢ = 1,000, 5
< v < 20.0 (m/sec), and@pause = 106 (sec)).
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o
@

Capacity
=
S
Capacity
=
S

5 poe-s . KoK X XK X 5
perfect capture.
o w0 a0 w0 s %9 a0 20 a0 w0 50 Fig. 6 shows another PHY capacity, where we do not
@ (b) incorporate the capture ratio. Instead, we assume that each
2 2 radio device can communicate at any achievable data rate
X RWP_WRAP . . . . .
o allowed by the radio environment in the proximity. For each

pair of nodes, a receiver node calculates its SIR and thus the
maximum data rate using the Shannon’s theorem. Fig. 6 shows
the aggregate throughput assuming that the link bandwidth

Capacity
=
S

s xxxxxxxx s S— is unity. As seen in the figure, CMM performs similarly as
- oumiiL2) the RWRWRAP. Again, the path loss exponent significantly
CMM(1.4) . .
o wm am aw w s o e o w0 o affects the performance as in Figs. 6(a) and (b).
Sender Density Sender Density . . .
(©) (d) Second, we present the results on MAC capacity in Fig.

zigq;l- zgﬂgfm‘ﬁg?grﬁes in SonﬂéVTséz)?nghg“gghﬂggs'zﬁ - elﬁ(t)?g'sgtt7' As discussed earlier, each of the senders transmits to its

be 2 for (é) and (c) and 3 for (b) and (d)'_ Also, the captureoritiset to be farthest possible neighbor within its transmit range. Héris

10 dB for (a) and (b) and 6 dB for (c) and (d). shown that RWPNRAP performs worse than CMM. As the
sender density increases, the MAC capacity of RWRAP

. . L L .and CMM shows consistent performance. Path loss exponent

n packe_t radio _communlcanon. Propaganon. in the ”?Ob' ays a key role in determining the maximum performance as

channel is described by means of three effects: attenudtien well. Comparing Figs. 7(a) and (b), and 7(c) and (d) shows

to distance between t.h? _s_ender and the receiver, ShadOV\f % the network throughput is almost double in both of CMM
due to the lack of visibility between the two nodes, an nd RWPWRAP

fading due to multipath propagation. The most popular tewp-r

. . . X Finally, results of NET capacity are presented in Table |
grou'ﬁd propagation model is a simple propaggtm_n mo_del t ar%d Fig. 8. Table | shows the average number of connectivity

©fa node pair. Also, Fig. 8(a) shows the number of node
at has the corresponding number of node and Fig. 8(b)

: "YSws its cumulative statistics. As seen in the table anddigu

values between 2 and 4, and is typically 4 in land mobile radﬁw
. ; P_.WRAP has more number of paths than CMM, due to
environments. In the 915 MHz WaveLAN radio hardware, th% iform node distribution.

transmit power is 24.5 dBm and the receive sensitivity is -
dBm, which is translated to 250m or shorter distance between
the sender and the receiver for successful communication.
As shown in the Fig. 5, CMM exhibits a comparable The main theme of this paper is to develop a new mobility
performance with RWBNVRAP. With a larger path loss expo-model, called clustered mobility model (CMM), which allows
nent, signal strength attenuates more rapidly and thexefior non-homogeneous node distribution driven by two prinaple
opens a window for other pairs to communicate increasing thetwork growth and preferential attachment. The level of
communication concurrency. Figs. 5(c) and (d) show a similaon-homogeneity is controllable in CMM by changing the
comparison with the capture ratio of 6 dB, which means tlaustering exponenty, and is engineered not to vary during the
communication has a better chance to be successful evesitfiulation. For this, we represent the non-homogeneiti wit
its SIR is smaller. With a smaller capture ratio, the networtke distribution of subarea population and mobility franti
can achieve a higher throughput but at the cost of increasedAnother important feature of CMM is that the mobility
cost for radio hardware. Capture ratio of 0 dB is the case parameters such as node speed, positions and density heach t

V. CONCLUDING REMARKS



steady state as quickly as possible so that one can reagongal M. F. Arlitt and C. L. Wiliamson, “Web server workloadharacter-

believe the simulation results without worrying about the f§g°?337The search for invariants,” IACM SGMETRICS 1996, pp.

variability of the.param.eters or executing the simulation f[23] R. Albert and A. L. Barabasi, “Topology of Evolving Netrks: Local

an extended period of time. Events and Universality,Physical Review Letters, vol. 85, no. 24, pp.
} 5234-5237, 2000.

To assess the strength .and weakness of t.h.e scale i%g? Q. Chen, H. Chang, R. Govindan, S.Jamin, S. Shenketaillinger,
phenomena, this paper defines nEt\_’Vork (_:apacmes at PHY, The Origin of Power Laws in Internet Topologies Revisiteid, |EEE
MAC and NET layers. Based on simulation-based perfor- Infocom, 2002.

; i ] D. ben Avraham, A. F. Rozenfeld, R. Cohen, and S. HaW{gograph-
mance. anaIySIS' .We Ob.served that SPWNs _eXthIt lower NEEIB ical Embedding of Scale-Free Networks,” éprint cond-mat/0301504,
capacity but achieve higher MAC and as high PHY capacity
as conventional wireless networks. This suggests us thai2é

i ; _ ; i of Spatial Networks,” ine-print cond-mat/0302544, Feb 2003.
SFWN requires a unique network-layer solution. We belie 71 T, Camp, J. Boleng, and V. Davies, *A Survey of Mobilityddes for Ad

Jan 2003.
C. Herrmann, M. Barthélemy, and P. Provero, “ConmégtiDistribution
that the proposed CMM can be usefully used to investigate” oc Network ResearchWireless Communications Mobile Computing

the properties of the SFWNSs that are likely to occur in a real
deployment of wireless multihop and sensor networks.
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